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Introduction and overview 


This block is designed as an introduction to two related topics. 


e Random functions and random walks 


The block introduces techniques used to model many of the types of ran- 
dom processes which occur in the natural world. It reviews the concepts 
of probability, random numbers and statistics, and their application to 
unpredictable phenomena. Sometimes it is desirable to understand how 
random quantities vary as a function of time (or some other variable), 
and for this reason it is useful to be able to define random functions, 
as well as random variables. We shall see how various types of random 
functions can be defined. One of these, the random walk, is a particularly 
important model, and is di sed in detail. 


e Diffusion and the heat equation 


Diffusion is a process in which materials are mixed by random micro- 
scopic motion of atoms, without any large scale (macroscopic) motion 
(such as occurs when a liquid is stirred). Diffusion can be observed by 
dropping a pellet of dye into a glass bowl containing water which is left 
standing upon a cool floor. The dye dissolves, and over a period of sev- 
eral hours it gradually spreads away from the point where the dye pellet 
was standing. This block introduces the diffusion equation, which gives 
a deterministic (non-random) description of how the dye spreads. It also 
presents a derivation of the diffusion equation from the random micro- 
scopic motions of individual atoms, using the statistics of the random 
walk process. 


Processes described by the diffusion equation and closely related equa- 
tions occur in many different areas of science. One application of the 
diffusion equation is to describe the flow of heat: it determines how the 
temperature of a body varies as a function of position and time. For 
this reason the diffusion equation is often called the heat equation, and 
many of the exercises are problems relating to the flow of heat. 


Examples of random processes 


This block is largely concerned with modelling random processes (also called 
stochastic processes). The techniques and concepts of probability and statis- 
tics are the tools required for understanding unpredictable events, so an el- 
ementary knowledge of these is required. The necessary concepts from the 
theory of probability and statistics are discussed in Chapter 1. 


Before discussing this background material, it may be useful to describe 
some of the random processes to which these techniques might be applied. 
Figure 0.1 shows the number N of people standing in a queue, displayed 
as a function of time ¢. It is a mapping from the real line to the set of 
positive integers, which jumps by +1 at random times. The number of 
people standing in the queue at any one time is unpredictable. In order 
to describe this situation mathematically, it is necessary to develop models 
for random or stochastic functions, where the value of a function N(t) is 
assigned by some random process. 


Figure 0.1 Number of people standing in a queue 


There are many different types of stochastic processes, and some further 
examples are shown in the figures below. Figure 0.2 is a plot of the output 
voltage V of a Geiger counter, plotted as a function of time. The device 
produces a pulse whenever it detects a particle produced in a radioactive- 
decay process. The pulses all have the same shape, but the times at which 
they are produced are completely random. 


Yin, 


Figure 0.2. Output from a Geiger counter 


Figure 0.3 shows the temperature recorded at midnight at a weather station 
in Cape Town on a succession of days starting at 4 January 2004. There 
are apparently unpredictable variations from the average. Even so, the 
successive numbers appear to be correlated, in that a day with a lower-than- 
average temperature is usually followed by another cooler-than-average day. 
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Figure 0.3. Temperature recorded at midnight in Cape Town on a series of 
January nights; the average value is shown for comparison. The values on 
successive days are correlated. 


Figure 0.4 is a photograph of the surface of an ocean on a windy day. The 
height h of the surface (at a particular instant in time) is modelled by a 
continuous function of position (x.y) in the horizontal plane. An example 
of such a function is shown in Figure 0.5. Since h(x.y) is a continuous 
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function, knowing the height at one position gives an indication of what 
it might be at a nearby position. This is therefore another example of a 
random function with correlations. 


Figure 0.4 Photograph of the mid-Atlantic Ocean (at sunset), showing a typical 
surface pattern 


h(x) 


Figure 0.5 The height h(x.y) of the ocean surface on a windy day is a random 


function of position 


Figure 0.6 is a plot of one Cartesian component .7(t) of the position of a tiny 
dust particle moving in still water. The particle has a random motion (called 
Brownian motion) due to the fact that it is being jostled by movement of 
the water molecules. Like Figure 0.5, this is a mapping from one continuous 
variable to another, but it is very different in character. First. this is not a 
smoothly varying function. (The function is continuous, but its derivative 
is not well defined at any point, that is, it is nowhere differentiable.) Also. 
the magnitude of «(t) is tending to increase, whereas the typical value of the 
function plotted in the previous examples does not change as time progresses. 
This example is modelled by a type of random function called a random walk. 
which is discussed in some detail in this block. 
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Figure 0.6 Brownian motion: one Cartesian component of the displacement of a 
tiny dust particle in still water as a function of time 


Our final example, shown in Figure 0.7, is a plot of the value of a market 
price as a function of time, namely the closing price of gold (in US dol- 
lars per ounce) on a sequence of 996 trading days, from 1 January 1998 to 
27 December 2001. Its character is clearly similar to Figure 0.6, in that the 
fluctuations are also very erratic, and there is no reason for the function 
to remain close to any particular value. The time-dependence of prices of 
commodities, shares and other traded assets is often modelled by a type of 
random walk. 
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Figure 0.7 The price of gold (in US dollars per ounce) over the four years from 
January 1998 to December 2001 


Many other examples of random processes can be observed in everyday life. 
Of course, it is (by definition). impossible to predict the precise course of 
these random processes. But it is an important task for applied mathemati- 
cians to be able to describe them as fully as possible. This requires the use 
of statistical techniques, in which these processes are modelled by random 
functions, which are introduced in Chapter 2. 
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The relation between random and deterministic 
processes 


There is one type of situation in which random motions do lead to pre- 
dictable results, This happens when we observe the motion of a large num- 
ber of randomly moving particles. When the numbers of particles are very 
large, the number of particles in a given region of space, N say, can be pre- 
dicted very accurately (in the sense that the ratio of the error JN to N is 
small, although 5N itself may be very large). In these situations, accurate 
predictions are possible even though the motions of individual particles are 
random. The block discusses the derivation and solution of the diffusion 
equation, a partial differential equation which describes the motion of large 
numbers of randomly moving particles. 


Chapter 3 introduces the diffusion equation, describing diffusion as a macro- 
scopic phenomenon, giving a derivation based upon a plausible assumption, 
which is sometimes known as Fick's law. Chapter 4 explores the solutions of 
the diffusion equation; here many of the techniques (separation of variables, 
Fourier analysis) have already been encountered in finding solutions of the 
wave equation. 


Later chapters consider the relationship between the deterministic diffusion 
equation and the random microscopic motions which give rise to diffusion. 
Chapter 5 discusses the central limit theorem, a very general and powerful 
concept in probability theory, which can be used to explain the connection 
between random walks and diffusion in a restricted case. Chapter 6 discusses 
the derivation of the diffusion equation from a microscopic theory, initially 
using the central limit theorem, and then by giving a derivation of a rather 
general form of the diffusion equation, called the Fokker-Planck equation. 


Tt may be useful to include a few words about closely related areas which will 
not be treated here, 


A vast range of phenomena can be described by random processes, and we make 
no attempt to give anything like a complete or systematic treatment. Numerous 
other examples can be found by consulting books on stochastic processes. Our 
discussion of random functions will concentrate on the random walk, because 
of its close connection with the diffusion equation. 


There is also an important area of theoretical physics known as statistical me- 
chanics, which combines statistical and mechanical principles to define quanti- 
ties such as temperature, and which leads to methods for calculating properties 
of materials in thermal equilibrium. This too is outside the scope of this course. 
Although the discussion of the microscopic mechanism of diffusion involves a 
combination of statistical and dynamical ideas, it is distinct from statistical 
mechanics in that this course does not require the mechanical definition of 
temperature. 


CHAPTER | 
Probability and statistics 


This chapter discusses the concepts from probability and statistics which 
you will need for the remainder of this block. Many of the ideas may be 
familiar from earlier courses, but the notation, terminology and definitions 
may be different. 


1.1 Probability 


I.1.1 Probability for discrete events 


If you perform some procedure where the set of possible outcomes is known, 
but the actual outcome is uncertain. it is useful to describe each possible 
ns of its probability. The simplest e 
ible outcomes, namely the coin landing heads up 


outcome in te mple is tossing a coin, 


where there are two pos 
or tails up. This is a commonly used method to make an unbis 
decision between two possibilities. Most people would be comfortable with 
the statement that both outcomes are equally likely. The equivalent mathe- 
matical statement is that both outcomes have probability equal to one half. 
We start by reviewing how probabilities are defined. 


sed random 


Suppose that we undertake a particular ‘trial’ or experiment in which there 


are n possible distinct outcome: Throughout this block we 
shall use the terms 
outcome 1, outcome 2, ..., outcome n. (1.1) ‘outcome’ and ‘event’ 


interchangeably. 


We perform the experiment N times, and count how many times each out- 
come occurs, say 


Ny, No 


(1.2) 


where N; is the number of times outcome 7 is observed; Nj is sometimes 
referred to as the frequency of outcome 7. We now examine the values 
of Nj/N as N increases. Provided that the circumstances of the trial do 
not change, we expect that the values of Nj;/N will approach a limit as N 
increases. The probability P; of the occurrence of outcome i is defined as 
N; 
P= lm —. 
: sco N 
The sum of the number of times N; that each distinct outcome occurs 
equal to N, ie. )"., N; = N. The sum of the probabilities of all possible 
outcomes is therefore 


(1.3) 


(1.4) 
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so 


ak (1.5) 
i=1 


Sometimes probabilities are known on theoretical grounds. For example, 
when a coin is tossed,there are n = 2 outcomes, and we expect that the coin 
is as likely to fall ‘tails’ as it is to fall ‘heads’ (assuming that the coin is 
fair). One therefore expects that the probability of falling heads, Pj,, and 
the probability of falling tails, P,, are equal (and equal to one half, because 
equation (1.5) gives Py + Pj, = 1). Similarly, a six-sided die is expected to 
have an equal probability of falling with any face upwards, i.e. P; = Z for 
i=1,...,6. Any trial where nothing favours any one of n possible outcomes 
has probability P; = 1/n for any outcome. 


Exercise 1.1 


‘Try tossing a coin N times. and record the number of heads Nj. As you increase NV, 
you will find that Nj,/N approaches one half, slowly and erratically. Do not let NV 
be too large; about 40 should suffice for this expe 


In other circumstances, probabilities are not known exactly, and must be 
determined empirically, by repeated trials. An example would be a surgical 
procedure where the outcome is either success or failure. If an operation is 
performed 943 times, and the outcome is successful 455 times, the proba- 
bility of success may be presumed to be close to 455/943 ~ 0.48. There are 
interesting problems associated with deciding how accurate this estimate is. 
For example, could you reliably conclude that a variation of the operating 
procedure, which had been successful on 7 out of 10 occasions, should be 
adopted in preference to the original? Such questions are treated in many 
texts on statistics, but they will be ignored in this course. Here we shall 
be concerned with situations in which the probabilities for the whole set 
of possible outcomes can be deduced from theoretical arguments. However, 
the following example illustrates an interesting use of empirical estimates of 
probabilities. 


Example 1.1 


Let P, be the probability that a letter chosen at random on a page of En- 
glish text is the letter e. Estimate P. by counting letters in the first sentence 
of the preceding paragraph (that is, the sentence starting ‘In other circum- 
stances ...°), then in the whole of that paragraph. 


Solution 


In the first sentence there are 97 letters, of which 13 are the letter e, giv- 
ing the estimate P. ~ 13/97 = 0.134. In the whole paragraph there are 705 
letters, of which 98 are the letter e, giving P. ~ 98/705 = 0.139. The fre- 
quency of the letter e in longer texts is close to this value; for example, 
in the book of Psalms, in the King James Bible, it has been quoted as 
P, ~ 0.13. Incidentally, the use of estimates of letter frequencies has often 
been used to decipher simple substitutional codes: an amusing example of 
this can be found in one of Arthur Conan Doyle’s Sherlock Holmes stories. 
‘The adventure of the dancing men’. 
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1.1.2 Probabilities for combinations of events 


Sometimes we are interested in outcomes that are combinations of different 
elementary outcomes for which the probabilities are already known. (Ele- 
mentary outcomes are the simplest possible outcomes in terms of which all 
other more complicated outcomes can be expressed.) For example, what 
is the probability of throwing a number less than 3 (either 1 or 2) with a 
six-sided die? The number of times this happens is Nj or2 = Ni + No, where 
N, and No are the numbers of trials where 1 and 2 are thrown, respectively. 
It follows from equation (1.3) that the probability of throwing 1 or 2 is 
Pror2 = Pj + Po. (We know that P; = 4 and Py = é are the probabilities 
of throwing 1 and 2, respectively, so Pj or2 = $3.) In general, you can add 
the probabilities of outcomes which are mutually exclusive events to give the 
probability of the combined event: the probability of observing outcome A 
or outcome B is 


Paors = Ps + Pp. (1.6) 


As an example of two events which are not mutually exclusive, a person can 
have both blonde hair and blue eyes. In cases like this, the generalisation of 
equation (1.6) is 


Paors = Px + Pa — Paanae, (1.7) 


where P, jnap is the probability of outcomes A and B occurring in the same 
trial, (Subtracting the term Py anap avoids double-counting the cases where 
events A and B both happen.) This more general version of equation (1.6) will 
not be required in the remainder of the course. 


Exercise 1.2 

What is the probability of drawing a picture card (King, Queen or Jack) from a 
shuffled deck of 52 playing cards? 

Exercise 1.3 


The table below lists the number of deaths recorded in England in a given year, for 
people in given age ranges. Use this table to estimate the probability that someone 
will die between the ages of 25 and 64. What assumption have you used? 


Table I.1 


Age range | Number of deaths 


6000 
1200 
4400 
14600 
88 200 
141300 
319500 
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1.1.3 Probabilities for successive trials 


In some cases we might need probabilities for events at successive trials. 
If the trials are independent, meaning that the outcome of one trial does 
not influence another, the probabilities are multiplied. For example, the 
probability of drawing an ace from a deck of cards is 4/52 = 1/13, so the 
probability of drawing an ace on two successive independent trials, with the 
card that was drawn replaced and the deck shuffled, is a x a = 1/169. In 
general, if a trial is repeated, then the probability of obtaining result ‘a’ on 
the first trial and ‘b’ on the second trial is 


Pa.b = Pa Por (1.8) 


with P,, denoting the probability of the events occurring in succession. This 
applies only if the trials are independent. In the above example, if the first 
card chosen is not returned to the deck, then the probability of drawing a 
second ace from the deck, having found one on the first draw, is 3/51, and 
the probability of two aces in succession is s x 4 = 1/221. 


When successive events are not independent, the probability of event ‘b’ fol- 
lowing event ‘a’ is written 


Pa, = Pa Pogivenas (1.9) 


where Py givena is the probability that event *b’ happens on the second trial if 
event ‘a’ has occurred on the first trial. In the preceding example, events ‘a’ 
and ‘b’ are both drawing an ace from the deck, but the successive trial is such 
that the second card is drawn while not returning the first drawn card to the 


deck, so we have Py = 7 and Pygivena = 


In the remainder of this course we shall always be dealing with situations where 
events are independent, so that Ph givena = Py. and equation (1,8) can be used. 
This would be the case when events ‘a’ and ‘b’ are drawing aces from the deck 
but drawing the second card only after returning the first drawn card to the 
deck and reshuffling. 


Exercise 1.4 


When throwing two six-sided dice at the same time, what is the probability that 
no number thrown on either die is higher than two? 


First derive the result from equation (1.8), then check it by counting all of the 
possible pairs of throws with neither number higher than two. 
Exercise 1.5 


If a sport can be practised only on approximately four days out of ten due to 
weather limitations, and an enthusiast has time available only at weekends, what 
is the probability that she can practise the sport on any given day? Approximately 
how many suitable days would be available each year? 


Exercise 1.6 


Show that when two six-sided dice are thrown, the probability that the sum of the 
scores is equal to seven is 2. 
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1.1.4 Continuous random variables 


We can generalise those concepts developed for discrete events to the case 
of trials having a continuous range of possible outcomes, such as when a 
measurement of a quantity yields a real number xz. An example of such a 
trial would be the measurement of the height in cm of a person chosen at 
random from a large population. (We are considering an idealised situation 
where a person’s height can be measured with such great precision that it 
may be regarded as a continuous variable.) When the set of possible values 
of x is continuous, it is not useful to ask for the probability that « takes a 
given value, such as x9, because (except in exceptional circumstances) the 
number will never be precisely equal to xo. We can ask, instead: “What 
is the probability that 2 lies in an interval between so and xo + 6x?’ For 
example, it is meaningful to ask the question “What is the probability that 
an adult will have a height between 190cm and 191 cm?’, but it is not useful 
to ask ‘What is the probability that an adult will have a height of exactly 
190cm?’, since this probability would be vanishingly small if the height is 
measured to arbitrary accuracy. 


The probability that the height of an individual selected from a very large 
specified population is between 2; and x2 will be a function of x and x2, 
and will be written P(x;,22). (We shall assume throughout that x2 > :r).) 
Now, if 62 = 22 — 2 is small, it is natural to expect that this probability 
will be proportional to dx. (In the example given above, you might reason- 
ably expect that the probability for a person’s height to be between 190cm 
and 192cm is roughly double the probability that it is between 190 cm and 
191cm.) A more precise statement is that one expects that 
~ _P(e;2 ida) 

ot) = cea) 
exists for a sufficiently well-behaved P(21,22) (i.e. partial derivatives of 
P(a, a9) exist at x, = 22 =r). The function p(x) is called the probability 
density of the continuous random variable x. Note that this function cannot 
take negative values, because the probability is never negative. 


We shall often find it convenient to discuss the probability 6P that 2 lies in 
a small interval. We shall refer to this as the elernent of probability: 6P is 
the probability that the random variable lies in the interval [«, 2 + dx) with 
a small width dx. We have 


6P = P(x, a + 6x) = p(x) dx + O(dx?) (1.11) 


(where dz is assumed to be positive). The approximation 6P ~ p(x) dx is 
valid for sufficiently small values of dx (provided that P(x, 22) is differen- 
tiable). The probability P(a,,22) may be expressed as an integral of the 
probability density function: 


P(a1,29) i da p(s). (1.12) 


It is worth emphasising at this point that equation (1.12) can serve as a 
more general definition of the probability density function; it does not re- 
quire the assumption that P(21,22) be differentiable, as was needed for 
equations (1.10) and (1.11). Of course, for a sufficiently well-behaved p(x), 
equation (1.11) follows directly and simply from equation (1.12), and Ex- 
ample 1.2, below, will show that equation (1.10) can follow directly from 
equation (1.12). For these reasons, equation (1.12) is usually taken to be 
the preferred definition of p(x). 


7 
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Because the continuous random variable x has to take some value between 
—oe and +00, we have 


P(-co,0o) = lim lim P(x,,a2) = 1. (1.13) 
1-00 2400 


It follows from equation (1.12) that the probability density satisfies p(2) > 0 
and 


ie dx p(x) =1. (1.14) 


A function must satisfy the normalisation condition (1.14) if it is to be a 
valid probability density. A function which satisfies condition (1.14) is said 
to be normalised. 


In many cases it is known that the random variable x lies in a range be- 
tween some numbers 2y)jn ANd 2ypyx. $0 that p(a) vanishes for x < tyyi, and for 
© > Xmax- It follows that in this case equation (1.14) becomes 


3 da p(x) = 1. (1.15) 


Example 1.2 


Show that equation (1.12) implies equation (1.10). [Hint: Consider the 
partial derivative of equation (1.12) with respect to x2, and assume it exists.] 


Solution 


From the definition of the partial derivative. equation (1.10) can be rewritten 
as 


(’) 


oP 
(x1) = 5—(a1,02) 
Ox2 — 
(that is, we take the partial derivative with respect to x2, then set x2 = 7). 
Differentiating equation (1.12) gives 


ap me 
Bay 72) = =), da p(x) = p(x2): (2) 


then setting 22 = x; gives the same result as equation (1'). 


It can often be useful to think in terms of a graph of the probability den- 
sity p(x). Equation (1.12) shows that the probability that the random vari- 
able takes a value between a and 22 is the area under the curve for p(x) 
between x; and sz (see Figure 1.1). 


pix) 


0 71 Xz x 


Figure 1.1 The probability that a random variable 2 takes a value between «7; and 
tg is equal to the integral of the probability density p(«r) between these two limits 
(that is, the area of the shaded region under the curve) 


One very simple probability density is the uniform distribution, where the 
probability density p(:c) for the random variable x is independent of x for all 


1.1 Probability 


« within some interval, and zero elsewhere. A uniform distribution for a ran- 
dom variable which lies between 2; and 22 (where «2 > :t;) has probability 
density 


stant, <2<%, 
GN i ant, 2) <¢< 22 (1.16) 


0, otherwise. 


Exercise 1.7 


By considering the normalisation of the probability density equation (1.16), show 
that the value of the constant is 1/(a2 — <1). 


Exercise 1.8 


The pilot of an aircraft is expected to check the tyre pressures before each flight. 
The valve on one of the wheels is hidden behind other structures when it is rotated 
less than 20° either side of the vertical line from the axle, in which case the aircraft 
will have to be moved before the tyre pressure can be checked (see Figure 1.2). 


Supporting structure 


tyre valve 


Figure 1.2 What is the probability that the tyre valve will be hidden when the 
aircraft is parked? 


What is the probability density for the angle of the tyre valve relative to the vertical? 
What is the probability that the aircraft will have to be moved to allow access to 
the valve? 


Exercise 1.9 


(a) The length of time that you have to wait for a bus is apparently random. The 
time ¢ may be regarded as a random variable with a probability density p(t). 
Some plausible assumptions indicate that for t > 0, p is an exponential func- 
tion p(t) = Aexp(—t/to), where to is a typical waiting time. Show that the 
probability density is normalised if A = 1/to. 


(b) A regular passenger (with an understanding of probability) knows that to = 
15 minutes. He decides that if his bus takes longer than 45 minutes to appear, 
then the drivers have probably gone on strike, and he walks home. What is 
the probability that he will walk home if the buses are running normally? 


These assumptions are 
discussed in Exercise 1.32 
at the end of this chapter, 
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1.1.5 Two or more random variables 


It is often necessary to consider situations where two or more random vari- 
ables are measured or observed. The probability density for measurement 
of two or more random variables is defined in a similar way to that of a 
single random variable. For example, the height h and weight w of a person 
drawn at random from a large population can be regarded as two random 
variables. The probability dP that the height of a person lies between h and 
h+ 6h, and his or her weight lies between w and w + dw, is expected to be 
proportional to both of the small increments dh and dw. It may be written 
as a generalisation of equation (1.11); 


OP = p(h.w) bh dw, (1.17) 
where p(h,w) is the joint probability density for height and weight. 


In general, given two random variables x and y, the element of probability 
6P that « lies in the interval [a,x + dx] and y lies in the interval [y, y + dy] 
(where dx and dy are small) is written 


bP = p(x, y) da dy. (1.18) 
The quantity p(x,y) is called the joint probability density function for x 
and y. 


Equation (1.12) connects the probability density with a probability for a sin- 
gle random variable. Let us consider the analogous relation for two random 
variables, which gives the probability P4 that the point (x,y) lies inside a 
region A in the (x, y)-plane (see Figure 1.3). 


= 
SP=p(xy)dxdy 


eke 


> 
x 


Figure 1.3. The probability that a pair of random variables takes values lying 
inside a small rectangle of size dx x dy at (x,y) is p(x, y) x dy. The probability 
that the pair of random variables (xr, y) lies in a region A is the integral of p over 
the region A. 


Summing the contributions from every element, and taking the limit as 
6x, dy — 0, we see that P4 is expressed as an area integral of the density 
p(x, y) over the region .A: 


Pas | faeduolz.). (1.19) 


Again, just as equation (1.12) can be regarded as the more fundamental 
definition of the probability density function p(x), equation (1.19) is to be 
viewed as the preferred definition of the joint probability density p(x, y). 


If the joint probability density factorises such that 
(x,y) = py (2) poly), (1.20) 


1.1 Probability 


where p,(r) and p(y) are the probability densities for single observations 
of each of the variables, then these random variables are said to be indepen- 
dent. This expression is analogous to equation (1.8) for the case of discrete 
probability distributions. The term ‘independent’ is being used in the same 
sense as for discrete random variables, because equation (1.20) implies that 
determining « has no influence on a measurement of y (and vice versa). 


The following is an example of a joint probability density for two indepen- 
dent random variables. The length of time that someone has to wait for 
their bus in the morning is t;. This is a random variable, with probability 
density p;(t,). The waiting time for the bus for the evening return journey 
is tg, with probability density p (tz). The probability that the bus arrives 
after a waiting time between t, and t, + dt; is dP; = p,(ti) oti. It is very 
reasonable to assume that the waiting time in the morning has no relation to 
that in the evening, in that whatever the value of ft), the probability that the 
second wait is between tg and tg + dt2 is 6P2 = po(t2) dtz. Equation (1.8) 
implies that the probability that the waiting time in the morning is be- 
tween f, and t; + 6t;, while that in the evening is between tz and tz + dta, 
is OP = p,(ti) po(tz) dt; dt. It is also, by definition, 6P = p(ty,t2) dt dt2. 
where p(t), t2) is the joint probability density, so 


pti, te) = pr (tr) pa(te), (1.21) 
in agreement with equation (1.20). 


Exercise 1.10 

In the situation described above, what is the joint probability density for the wait- 
ing times if t; and t2 both have the exponential probability density considered in 
Exercise 1.9, with fo = 15 minutes? What is the probability of waiting less than 
15 minutes in the morning and less than 15 minutes in the evening? 

Exercise 1.11 

In the situation described in the previous exercise, what is the probability of the 
total waiting time ¢; +t being less than 15 minutes? 

Exercise 1.12 

What is the condition for a joint probability density to be normalised? What other 
condition must a function satisfy if it is to be a valid joint probability density? 
Exercise 1.13 


Two random variables, x and y, have joint probability density p(x, y). Show that 
the probability density for the random variable x, which is here denoted by p;(x). 
is obtained from p(x, y) by integrating over y: 


oi(a)= f dyple.)- (1.22) 
Le 


Verify that this integral gives the correct result when x and y are independent 
variables. 


In most cases where we consider probabilities for pairs of random numbers, 
we shall be considering variables with a continuous distribution, described 
by a joint probability density. Occasionally we shall consider pairs of random 
variables which take discrete values. In this case we can define a joint prob- 
ability for the two variables. Consider the case where two random variables 
X and ¥ take, respectively, n and m possible discrete values, X; and Yj, la- 
belled by the integers i= 1,..., nand j=1,.... m, respectively. The joint 
probability Pj, is the probability that X takes the value X; and Y takes the 


Harder exercise 


Harder exercise 
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value Yj. The results considered above all generalise in a natural way to the 
discrete case. For example, the normalisation condition becomes 
nom 
Bega (1.23) 
i=1 j=l 
which is analogous to the solution of Exercise 1.12. Also, the formula to 
obtain the probability P; that X takes the value X; is 


m 


B= tes (1.24) 
j=l 


which is analogous to equation (1.22). 


1.2 Statistics 


1.2.1 Statistics of a single random variable 


Probabilities and probability densities give the fullest possible description 
of random variables. An accurate determination of the probability density 
function of a random variable from repeated trials would require an enor- 
mous number of observations. For this reason, it is customary to describe 
a random variable by means of statistics, which are single numbers, such as 
average values, describing some aspect of the range of values taken by the 
random variable. For many purposes, probability densities contain too much 
information to be directly useful, whereas statistics give a concise summary 
of what should be expected. 


The term statistic is popularly used for any piece of information in numerical 
form, for example the number of tons of steel produced last month in Ger- 
many. In our terminology such a number would be not a statistic, but a single 
observation. However, the average monthly steel production over a three-year 
period would be a statistic, because it is a single number describing a set of 
observations, 


The simplest (and best known) statistic is the average. Given a set of N 
numbers 21, 2,---.2j,--.,@N. the average is 


1 N 
Dav = deze (1.25) 


The average will depend upon the particular set of observations, but in the 
case where the number of observations N approaches infinity, we expect 
that the average will approach a limit. We now investigate the limit as 
N — ox, considering first the case where each observation .r; can take only 
one of n discrete values, with the possible values of x; being labelled X;, 
j=1,...,n, and with each value occurring Nj times (with N = Dj=t Nj). 
Then the average may be written as 


“N, 
i= 5 Wu: (1.26) 
ri 


1.2 Statistics 


Example 1.3 
Throwing a six-sided die five times gave the results x; = 3, r2 = 6, x3 = 3, 
4 = 6, 25 =4, where x; is the number obtained on throw i. Throwing the 
same die 25 times gave the sequence 

4,6,5,3, 6,3, 2,2, 2.4, 4,3,3,2,1,4,4,6, 1,1, 1, 2,4, 2,1. 
Calculate the average of each sequence. 


These sequences take a discrete set of values, with n = 6 possibilities. What 
are the values of Xj? And what are the values of Nj for the second sequence? 
Verify that for the second sequence, equation (1.26) gives the same answer 
as the average determined in the first part of this question. 


Solution 


The sum of the first sequence is 22, so the average is 22/5 = 4.4. The sum 
of the second sequence is 76, so the average is 76/25 = 3.04. 

Xj=j 
Nz 


X¢« = 6, and their frequencies 
4, Ny = 6, Ns = 1, No = 3, 


The values of X; are X; = 1, 
in the set of 25 throws are Nj 
80 


a 
SO XVNj = (1 x 5) + (2 x 6) + (3 x 4) + (4 x 6) + (5 x 1) + (6 x 3) 
bi = 76, 

which gives the same value for the average. 


In the limit as N — 00, equation (1.26) may be written in terms of proba- 
bilities: 


7 se ; 
jim, rae a jim 7 = 2 BXs (1.27) 
= 3a 


Except in some special cases where n is infinite, the average approaches a 
definite limit as N — oo. This limit is known as the mean value or expec- 
tation value, and is given the symbol (c). Angular brackets will be used to 
denote taking the limit of the average of the quantity inside the brackets, 
when the number of observations N approaches infinity. The mean value is 
given by the expression 


)= DPX. G28} 
j=l 


Exercise 1.14 


For the situation considered in Example 1.3 (throwing a six-sided die), what should 
be the limit of the average value as the number of throws is increased? 


This formula for the mean generalises to the case of a continuous random 
variable with probability density p(«). The generalisation can be derived 
by dividing the set of possible values of x into small intervals of length dx. 
Let: us estimate the number of times, Nj, that the variable x lies between 
xj = j 6x and a4, = x; + 6x within a total number of N observations. This 
is approximately equal to N times the probability that lies in this interval, 
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that is, Nj ~ Np(x;) dx. The mean value is 


(2) = lim ay 
‘ Nj 
= nD Yo 
z 
=} dx p(aj) xj. (1.29) 
a 
Taking the limit as dz — 0, the sum becomes an integral: At this point it may be 
20 useful to review the 
() = / dx p(x) x. (1.30) discussion of definite 
00 integrals in Block 0. 


Exercise 1.15 


Calculate the mean value of a random variable x which has a probability density 
which is uniform on the interval {rr}. 


Exercise 1.16 


Calculate the mean of the exponential distribution introduced in Exercise 1.9, 
namely p() = exp(—a/sto)/xo for x > 0, and p(x) =0 for « < 0. 


The mean value is not the only statistic which is of interest. The moments 
My, of a random variable x are defined to be the mean values of «* (where k 
is a non-negative integer): in the case where x has a continuous distribution, 
the kth moment is 


20 
My = (x*) = / dx 
“09 


Clearly, M, is the mean, and (recalling the normalisation condition (1.14)) 
Mo =1. 


In some cases the integral (1.31) may diverge, and one may encounter a 
probability density function p(x) for which only one or two moments exist. 
(Clearly, Mp = 1 has to exist for p(x) to be a valid probability density 
function.) 


Kola). (1.31) 


Exercise 1.17 


Consider a uniformly distributed random variable « on the interval (0, 1]. Determine 
the moments My. 


Exercise 1.18 


Sometimes we may consider moments (2c*) in the case where « has a discrete distri- 
bution, Write down the expression for the moment (2*) when the random variable 
takes n discrete values X;, with probabilities P;, j = n. 


Determine (x?) where x is the number uppermost on throwing a die. 


Having defined the mean value of a random variable «, it is useful to give a 
statistic describing how wide is the variation of its values. An appropriate 
statistic is called the standard deviation, denoted by o. The square of is 
called the variance, written Var(x), and it is defined as the mean value of 
the square of the difference Ax between the measured value and the mean 
value. Mathematically, these quantities are defined by the relations 


o? = Var(x) = (Ax*), Ar=a-(z). (1.32) 


1.2 Statistics 


The variance can be expressed in a form which is more convenient for cal- 
culation, in terms of the second moment. Expanding the square in equa- 
tion (1.32) and using equation (1.31) gives 


Var(x) = i. dex [x — 2(x)x + (x)*] p(x) 


<2! 9 
-[ dar x" p(x) — (x 
—20 
The integrals in this expression are, respectively, the moments Mz, M, = (x) 
and Mp = 1, so 
Var(x) = (x2) — (a)? = Mz — M?. (1.34) 


This expression usually gives the simplest route to calculating the variance. 


fe dx x p(x) + (a)? [ae p(x). (1.33) 


Exercise 1.19 


Consider a uniformly distributed random variable x on the interval [0,1]. Show 
that the variance of x is Var(«) = 3. 


1.2.2 Statistics involving two or more random 
variables 


When we have more than one random variable, it becomes harder to gain 
accurate information about probability density functions. Also, even if the 
probability density function is known, it is harder to interpret functions 
of several variables. Using statistics to convey information about random 
variables becomes especially useful when dealing with two or more random 
variables. 


Exercise 1.20 


‘Two random variables have a joint probability density p(r.y). Using the result of 
Exercise 1.13, show that the mean value of x is 


«=f de [ dy x p(x,y)- (1.35) 


Given a joint probability density p(x, y), the most general statistic we con- 
sider is (f(a.y)), where f(x,y) is any function of x and y. If we continue 
sampling the random variables, finding a sequence of pairs of values (rj, yi). 
P= tye N, we can calculate the average 


1 N 
fur = > S(2i,yi)- (1.36) 


The limiting value of this average of f(x,y) as the number of pairs N goes to 
infinity is the expectation value (f(x,y)). The formula for the expectation 
value of f(a,y) can be surmised: 


sew) = f° ae [ dyote.v) few). (137) 


This expression may be derived by dividing the (2, y)-plane into small rect- 
angular elements, each of size dx x dy. The probability of z and y being 
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Expectation is an 
alternative name for mean 
and both will be used 
interchangeably in this 
block. 
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within the element centred at coordinates (x.y) is dP ~ p(x. y) da dy. The 
mean value of f(x,y) is thus 


(fle.w)) = Yo f(e,u) 6P = Y 7 ola.u) fw.) br by, (1.38) 
(=u) (xy) 
where the sum runs over all the rectangular elements centred at coordinates 
(x.y). Taking the limit as da — 0, dy — 0, the double sum becomes the 
double integral (1.37). 


When dealing with two random variables, a useful concept is the correlation, 
which measures the extent to which they tend to be related. For example, 
the heights and weights of people are two different random variables, but it 
is expected that tall people are more likely to be of above average weight. 
These variables would be described as ‘correlated’. The tendency of two 
variables to be correlated is described by means of a correlation coefficient. 
The correlation coefficient of two random variables x and y is defined as the 
mean value of the product of the deviation of each random variable from 
its mean value. Expressed in terms of symbols. the correlation coefficient is 
given by 


Cry = (ArAy), where Ar =x — (x), Ay=y— (y)- (1.39) 


Note that the quantity C,y is positive if large values of x tend to occur at 
the same time as large values of y, and negative if large values of «x tend to 
occur along with small values of y. 


The correlation coefficient may be expressed in a form which is more con- 
venient for calculation, as follows. We write the expectation value in terms 
of an integral using equation (1.37), and simplify the result using equa- 
tion (1.35) and a similar expression for (y): 


[ae [ay teu — 2 (ev + (aya) len) 
tow) ~(v) fae [dye oe.0) 


= (0) fae [* dyuptesy) +) 
= (ey) - @))- (1.40) 


Cay 


Exercise 1.21 


Show that C,,, = 0 if x and y are independent. 


Exercise 1.22 


Verify that C,, = Var(x). 


The correlation coefficient is defined in the same way for discrete random 
variables. Consider the case where the random variables x and y take dis- 
crete values Xj, i=1,...,n, and Yj, j =1,.-., m, with the joint probability 
of observing X; and Y} being P;;- 


In this case, the expression for (sy) is 


nm 


(i) = 0 PX 


i=1 j=t 
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and the correlation coefficient is given by 
Cory = (ay) — (a) (y) 


= Akt eSnux] x boa (1.41) 


i=1 j=1 i=1 j=1 i=l j=1 


Exercise 1.23 


Determine (ry) where and y are the numbers uppermost on two successive throws 
of a die. 


One further general result, which will be required in Chapter 2, concerns 
the sum X of M random variables xj, i= 1...., M: 


M 
X= Dz (1.42) 
i=l 


In general, these random variables have a joint probability density function 
P(X, 22,..+, ay), such that the element of probability 6P for finding the 
first variable between a and ay + dx, the second between x2 and x2 + dr2, 
ete., is 

bP = play, xo,..., vn) bay Sxg +++ Saqg. (1.43) 


The mean value of the sum of these random variables is given by a simple 
relation, namely the sum of the mean values of each variable: 


M M 
(20) == (s«) = ten: (1.44) 


i= i=1 


This is a very useful relationship. To understand how it is obtained, note 
that the mean value of each variable is given by a generalisation of equa- 
tion (1.35): 
08 20 20 
(wi) -/ any [ dig of dary 4 pli, 22,-..,0M)- (1.45) 
-00 -00 -00 


Equation (1.44) can then be obtained as follows: 


oo oo oc 
x)= f dry f dag -f days (11 +¥Q +++: + 2M) 
00 00 00 


Kipler, Way oy tM) 
M ps 0 00 
->/ dey f dag of da yy Xj P(L1,22,..-5 ru) 
fa I-02 =00 oo 
M 
= tai). (1.46) 
i=l 


In the case where the variables x; are independent, the joint probability 
density factorises as p(x), 02,.-..0M) = ~(%1) pow) <-> pyy (tas), and the 
integrals in equation (1.46) factorise to give 


tai) =f aerou(er) [ deapy(ea) + [ desesoins) 
~f dem py(tm) 


=| © dasa pi 3): (1.47) 
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The final equality uses the fact that all of the integrals except one are nor- 
malised, according to equation (1.14). Thus the mean of each variable is de- 
termined by a one-dimensional integral, which simplifies the calculation con- 
siderably. Actually, this property holds quite generally, for non-independent 
as well as independent variables, but the reason why it also holds for non- 
independent variables is more complicated and will not be explored further, 
In any case, this more general situation will not arise elsewhere in this block; 
only independent variables will be encountered. 


The evaluation of the mean value of the sum by performing multiple integrals 
is impractical in most cases. However, we have seen that this quantity can 
be calculated very easily if the mean values of each component are known. 
This illustrates a general principle, that when dealing with multiple random 
variables it is usually more efficient to work in terms of statistics rather than 
probability densities. 


1.3 The normal distribution 


In Block 0 we considered functions of the form 
f(a) = Aexp[—a(x — 29)"}. (1.48) 


where A, xo and @ are constants with a > 0, which are known as Gaus- 
sian functions. A random variable having a probability density which is a 
Gaussian function (with the coefficients A, zo and a real) is said to have a 
Gaussian distribution, or a normal distribution. The terms ‘Gaussian’ and 


ea a a - ‘normal’ in this context are 
Many quantities are found to have probability densities which are well ap- sed interchangeably. 


proximated by the normal distribution. Figure 1.4 is a plot of the proba- 
bility density for weights (in kilograms) of packages containing six apples, 
displayed as a histogram. It is compared with a smooth curve, which is a 
good match to the data. The probability density plotted as the smooth curve 
is a normal distribution, and it clearly provides a very good description of 
the data. 


pl) 


10.0 


0.0 + 
0.5 0.6 0.7 
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Figure 1.4 A histogram showing the distribution of weights of 2000 packages each 
containing six apples. The continuous curve is a normal distribution, for 
comparison. (For the simulated data used to create this example, the parameters 
occurring in equation (1.48) are a = 1600, a9 = 0.6, A = 40/7.) 


1.3 The normal distribution 


You may not be familiar with histograms, so let us pause to discuss the con- 
struction of Figure 1.4. The range of possible weights is divided into small 
intervals (in this case, 40 intervals of width 0.005), and the number of weights 
in each interval is recorded. The plot consists of rectangular bars. The width 
of each bar indicates the extent of each corresponding interval, and the height 
of the bar is proportional to the number of weights Nj; recorded in that interval, 
This is the standard way of presenting empirical information about a proba- 
bility distribution. The vertical scale has been chosen so that the total area 
of all of the rectangles is unity, so that the histogram approximates the nor- 
malised probability density, The heights of the columns therefore approximate 
the probability density function, p(a), which satisfies equation (1.14). 


As the name suggests, normal distributions occur very frequently. The cor- 
respondence clearly cannot be exact in our example because the weight of 
a bag of apples cannot be negative, whereas the function (1.48) remains 
positive when «x is negative. Note, however, that in this case, as can be seen 
from Figure 1.4, the probability density function modelled by the Gaussian 
function, f(W), takes extremely small values when W <0. In fact, the 
normal distribution is often a very good approximation. 


Calculations involving normal distributions often require their moments. 
which can be obtained from integrals of the form 


20 
I, -f dx x” exp(—a?). (1.49) 
—20 


(We shall confine our attention to the case when n > 0 is an even integer: 
when n is odd, the integral is zero because the integrand is an odd function.) 
The first of these integrals was discussed in Block 0: 


Ih= ‘ dx exp(—2x?) = V7. (1.50) 


The value of Jy is obtained in the following exercise. 


Exercise 1.24 
Show that /2 = /7/2. (Hint: Use integration by parts.| You may assume that 
a” exp(—x?) + 0 as || + 90. 


Using integration by parts, it can be shown that the integrals [,, satisfy the 
recursion relation 


= _ 
ig =O Mas. (1.51) 


Exercise 1.25 
Verify relation (1.51). 


Exercise 1.26 


Show that if the Gaussian probability density function (1.48) is normalised (satis- 
fying equation (1.14) with f replacing p), A and a are related by A = \/a/z. 
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The reason for the ubiquity 
of normal distributions will 
be discussed in Chapter 5, 
on the central limit 
theorem. 
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Exercise 1.27 


Show that the mean and variance of the normal distribution are (1) = xo and 
a? = 1/2a, respectively. 


Using the integrals obtained above, it can be verified that if o is the stan- 
dard deviation of a normal distribution with mean value xo, the probability 
density function may be written in the form 


1 2 

x) = == exp[—(x — x0)/207]. 1.52 

p(x are p[-(z — 20)" /20°} (1.52) 

This is a very useful standard form for the normal probability density func- 
tion. 


Example 1.4 


Verify that equation (1.52) does indeed correctly describe the normal distri- 
bution with mean x9 and standard deviation o. 


Solution 


Equation (1.52) is of the same form as equation (1.48), with a = 1/20? 
and A= 1/V2z0. Using the result of Exercise 1.26, the distribution is nor- 
malised because the factors A and a are related by A= \/a/7. Also, the 
results of Exercise 1.27 show that the mean value is («) = xo, and the vari- 
ance is 1/2a = 0”. The density (1.52) does therefore represent a normalised 
distribution with mean xo and standard deviation co. M 


Exercise 1.28 


If x has a Gaussian probability density, show that (( —9)*) = 30%. 


1.3.1 The error function 


We have already seen that probabilities are determined by integrals of prob- 
ability density functions using expressions such as (1.12). The integral of 
the Gaussian function is therefore a very significant object in probability 
theory. This integral cannot be expressed exactly in terms of elementary 
functions, and is accordingly one of a set of functions known as the special 
functions. The error function is a definite integral of a Gaussian function, 
written iasedls defined by 


erf(a) = =f dy exp(—y’). (1.53) 


The interpretation of the error function is as follows. The probability of 
a normally distributed variable differing from the mean by less than Aq is 
erf(\/V2). This is demonstrated by the following calculation: 


othr a8 ee 
P(aq — Ao, 70 + Ao) = f dx exp[—(a — x0)*/207) 
Zo—Ao 


1 
Vino 


ae ae F 
= af. duexp|—u? /207] 


Vino 


A/Vv2 Ve 
pa dy exp(—y") = erf(A/V2). (1.54) 


Af v2 


1.3 The normal distribution 


where we used the changes of variables u = « — x9 and y = u/ 2c. and the 
final step uses the fact that exp(—y?) is an even function. The error function 
is plotted in Figure 1.5 for 2 > 0. 


erf(x) 
1 

08 
0.6 
04 
0.2 


0.5 1 1.5 24 2.5 


Figure 1.5 The error function erf(r) for « > 0 


You may also see expressions containing the complementary error function, 
erfe(x), defined by erfe(a) = 1 — erf(zx). 


Another notation for an integral of a Gaussian function is 


1 : 
NO) =e | dvesp(-v'/2), 1.55 
ON mile) (1.55) 
which is sometimes called the normal distribution function. The integral 


N(A) is the probability that a Gaussian random variable is less than 
ao + Ao (where 29 and o are, respectively, the mean and standard deviation). 
Note that N(oo) = 1, as required since the probability that a Gaussian ran- 
dom variable is less than oo is obviously one. Figure 1.6 is a graph of N(A). 
Comparison with equation (1.54) shows that N(A) = $ erf(A/V2) + 4. This 
can be seen by first noting that the substitution y = u/¥2 in the final 
integral in the derivation (1.54) implies that erf(A/V2) = N(A) — N(—A). 
Secondly, as will be seen from the hint in Exercise 1.29 below, we have 
N(~X) = 1—N(A). Combining these two results gives the required expres- 
sion. 


Se ee eae eigen: 
A 


Figure 1.6 The function N(A) is the probability that a normally distributed 
variable is less than 29 + Ao (where ao and o are the mean and standard 
deviation) 
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Both the function N(A) and the error function will be used in later chapters. 
Values of N(A) are tabulated below. 


Table 1.2 

A N(A) 
—4 | 3.167 x 10-5 
=3 0.001 350 
—2.5| 0.006 210 
-2 0.022 76 
-1.5| 0.06681 
-1 0.1587 
—0.5} 0.3085 

0 0.5000 


Exercise 1.29 


Calculate N(1) and N(2) using the data in the table above. [Hint: Note that 


ay iw p 
N(-2) = Es j : dy exp(—y"/2) 


1 ts 2/0) — y 
= dl duexp(—u?/2) = 1— N(x), 
where the change of variable y = —u was used in the second integral, and the fact 


that N(oo) = 1 was used in the last equality.] 


Exercise 1.30 


What is the probability that a Gaussian random variable does not exceed its mean 
value by 2.5 multiples of its standard deviation? What is the probability that 
a Gaussian random variable does not differ from its mean value by more than 3 
multiples of its standard deviation? 


1.4 Outcomes 


After studying this chapter you should be able to: 

e® understand the concept of probability for discrete events; 

e determine probabilities for combinations of mutually exclusive events; 

e determine probabilities for successive independent trials; 

e understand the notion of a continuous random variable and its descrip- 
tion using the probability density function; 

e understand the joint probability of many discrete or continuous random 
variables; 

e understand the joint probability density function for two or more con- 
tinuous random variables; 

e calculate the average of observations of a single random variable, and 
understand its relationship to the mean or expectation value of that 
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1.5 Further Exercises 


random variable; 

¢ calculate moments, the variance and the standard deviation of a random 
variable; 

e calculate the correlation coefficient of two random variables; 


e understand the normal (or Gaussian) distribution and its probability 
density function, as well as the error function and normal distribution 
function; 


e calculate moments of Gaussian random variables. 


1.5 Further Exercises 


The following exercises are harder than those in the main text. The results 
are not used in subsequent chapters, but they will broaden and deepen your 
knowledge of probability. 


Exercise 1.31 


If every couple were to continue having children until they have one boy, what 
would be the ratio of males to females in the next generation? What would be the 
mean number of children per couple? 


Assume that everyone enters into one relationship that produces offspring, and 
that all couples are fertile and can produce an arbitrary number of offspring. Also, 
ignore the existence of twins, triplets, etc.; i.e. assume that all pregnancies produce 
just one child at a time. 


{Hints: Using the obvious notation B = boy, G = girl, the probability of producing 
one child (B) is a and the probability of producing two children (G, B) is + . The 


probability of producing n +1 children (nG,B) is 2-7), The mean minty 3 of 
girls per couple is 


~ 


(n) = ong)". 


n=! 


To find this sum, introduce the geometric series (see Block 0, equation (1-2)) 


Setting 2 = 2, you should conclude that the gender balance and the size of the 
population are maintained.} 


These exercises are 
optional. 
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Exercise 1.32 


Often we might be interested in a series of random events which occur with the 
same average frequency over any long period of time. Examples are the occurrences 
of earthquakes, and the series of clicks from a Geiger counter observing radioactive 
decay. We would like to know the distribution of times between these events. In 
the case where the events are independent of each other, this distribution can be 
calculated by the following approach. 


The probability that an event occurs in a very short interval of time, dt, is assumed 
to be Rét, where R is known as the rate constant. Let P(t) be the probability that 
no event will have occurred after time t, Because the events are independent, the 
probability that no event will have occurred after time ¢ + 6¢ is P(t) multiplied by 
the probability of a small time interval St passing with no event, namely 1 — Rét. 
Tt follows that 


P(t + dt) = P(t) (1 — Rét). 
(a) Deduce a differential equation for P(t), and show that 
P(t) = exp(—Rt). 
This is known as the Poisson distribution. 
Show that the mean time between events is (t) = 1/R. 


(b) A cyclist. travels 20km per day, and notices that she suffers 15 punctures in 
100 days, Estimate the probability that she will complete a 600km cycling 
holiday without a puncture. 
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Solution 1.1 


No solution is given, as your results will differ in detail from anyone else's. 


Solution 1.2 


The number of picture cards is 12 (a King, a Queen and a Jack in each of the 4 
suits). The probability of drawing any one of 52 cards is 1/52. The probability of 
1 


drawing any picture card is 12 x 35 = 3/13. 


Solution 1.3 


‘The total number of deaths was 575200. The table enables us to estimate the 
probability of death at ages 25-44 as Py544 = 14600/575 200 ~ 0.0254. Similarly, 
P5-61 575 200 ~ 0.1533. The events corresponding to death occurring 
in either of these age ranges are mutually exclusive, so the probability of death 
oceurring in the age range 25-64 is the sum of these values: 


Po5-64 ~ 0.0254 + 0.1533 ~ 0.179. 


(Alternatively, the total number of deaths at ages between 25 and 64 is No5-64 = 
Noaz-44 + Nas-61 = 14600 + 88200 = 102800. Hence P25-6, = 102800/575 200 ~ 
0.179.) 


This is a good estimate of the probability that a death occurring in the next year 
will occur between ages 25 and 64. Factors influencing longevity (such as medical 
advances and wars) change over time, so this may not be a good estimate that 
someone born this year will die between ages 25 and 64. 


Solution 1.4 


On throwing a single die, the probability of obtaining a 1 or a 2 is Pi or2 = 2 


The probability of throwing two dice with each showing less than three is P = 

rp aa 

dylal 
i> e 


3 


As a check, consider the possible combinations of two throws. There are 6 x 6 = 36 
possible combinations. Of these, only the following four have no number greater 
than two: (1,1), (1.2), (2,1), (2.2). The required probability is 4 = +. confirming 
the result obtained from equation (1.8). 


Solution 1.5 


The weather is unrelated to the convention determining which days of the week 
are available for leisure, so the formula for independent events (equation (1.8)) 
is applicable. ‘The probability of a day falling on a weekend is 2/7. Thus the 
probability of a day falling on a weekend and also being suitable for the sport is 
4/10 x 2/7 = 8/70 ~ 0.114. 


The number of days available for this sport every year is therefore approximately 
365 x 0.114, that is, approximately 42 days per year. 


Solution 1.6 


A total of 7 can be obtained in 6 way 1+6, 2+5, 3+4, 4+3,54+2,6+1. 
from throwing the two dice. Since each 
possible outcome has the same probability, each combination of numbers has prob- 
ability 1/36. There are six different outcomes for which the total is 7, and these 
are mutually exclusive, so the probabilities add. The probability of the total being 


equal to 7 is therefore 6/36 = 1/6. 
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Solution 1.7 
Let the constant in equation (1.16) be denoted by C. The normalisation condi- 
tion (1.14) is 
oo 22 
[ dx p(x) =cf dr 1 = C (2-2) =1, 
20 En 
so C =1/(2 —2)- 


Solution 1.8 


The angle at which the tyre valve comes to rest when the aircraft is parked is 
random. Since the wheel is circular, no direction is preferred, and the angle @ with 
respect to the vertical should have a uniform distribution p(@) = constant = 1/360, 
in the range —180° < @ < 180°. 
The probability that the angle is between 4; = —20° and @2 = +20° is 

0 1 ro ie | 

P= dé p(0) = = ==. 

ks 360 J 20 360 9 
The probability that the aircraft will have to be moved to check the tyre pressure 
is therefore }. 


Solution 1.9 


(a) Since p(t) = 0 for t < 0, the normalisation condition (1.14) is 
The substitution u = t/to 


0 - 
at -[ dt p(t) = af dt exp(—t/to) = Ato. was used to evaluate the 
0 0 integral, 
‘The probability density is therefore correctly normalised by setting A = 1/to. 
(b) The probability P of waiting longer than a time T is the area under the graph 
of p(t) between T and oo: 
a is 
r= if dt exp(—t/to) = exp(—T/to). 
ost 
The probability of waiting longer than T = 45 minutes is therefore 
P = exp(—45/15) = exp(—3) ~ 0.049. 
There is roughly a one in twenty chance that the passenger will walk home if 
the buses are running normally. 
Solution 1.10 
The joint probability density is 
1 1 exp[—(ti + ta) /t 
ottista) = 2 exp(=ta/ta) x bexp(—ta/to) = SPM Mt) 
0 to a 
where fo = 15 minutes. The probability P that both waiting times are less than to 
is obtained by integrating over thé square domain 0 < t) < to, 0 < ta < to: 
to to 
P= [ ats f ty p(t, te) 
0 0 
1 so to 
= [ atvexo(-ta/to) [ dtzexp(-ta/t) 
0 Jo 0 
1 sto 
= al dt, exp(—ty /to)[1 — exp(—1)] The substitution w= t/to 
0 Jo was used to simplify each 


= [1 —exp(—1)]*. integral. 
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Solution 1.11 


The joint probability density is the same as in Exercise 1.10, and in this case the 
region of integration is a triangle in the (t;,t2)-plane where t; > 0, tz >0 and 
t + tz < to (see Figure 1.7). 


by 


hy q 
Figure 1.7 The region of integration considered in Exercise 1.11 
The probability P that t; + tz < to is given by 


1 ye fo—b 
= zi ay exp(—t/to) [ dtz exp(—ty/to) 
O70 0 


I-tifto 
0 


to 
= zf dt, exp(—ty/to) [— exp(—u)] 


1 

= if dv exp(—v){1 — exp(—1 + v)] 
0 

1 — 2exp(—1). 


Solution 1.12 


The probability of the random variables «© and y taking any values in the (x, y)- 
plane is unity. Setting the probability in equation (1.19) equal to unity when A is 
the entire (a, y)-plane gives the normalisation condition 


2° 8 
ii ae f dy play) = 1. 
= I-00 


Also, equation (1.18) implies that the joint probability density can never be nega- 
tive. 


Solution 1.13 


Let 6P be the probability that the first variable is between x and x + dx. Also, 
let j be an integer, and let 6P; be the probability that both variables are in the 
respective small intervals [a,x + dx]. [7 dy, (j + 1) dy). Note that 6P ~ p,(x) da and 
bP; ~ p(x. j Sy) da dy, and that 6P = ¥°; 6P;, so 

oc 


py(a) ba ~ D> pla, j dy) darby. 


j==00 


In the limit as d5y — 0, the sum becomes an integral, so the probability density for 
« alone is the integral of the joint probability density over the other variable: 


2 
py (wt) = ri dy plx.y). 
= 
When and y are independent variables, we have p(x.y) = p,(©)po(y). where p, (x) 
and p(y) are the probability densities of 2 and y, respectively. In this case, the 
integral gives 
oo 
y(t) =f dy p(x) poly) 
~o0 


= pila) f dy poly) = pi (2), 


as expected. 


37 


Using substitutions 
u=ta/to 
v=ti/to. 


The final step used the fact 
that p2(y) is normalised, 
satisfying equation (1.14). 
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Solution 1.14 
For throwing a single die, there are 6 possible outcomes, where the number on top 
takes the values 7 = 1 to j = 6, all with probability P; = 1/6. The mean value of 
z=jis 
6 
1 14+2+3+4+5+6 21 
SO Pepe ge EE sh 
(z) »» i= % - = 
Note that the average of the second sequence in Example 1.3 is much closer to this 
mean value than is the average of the first (shorter) sequence. 
Solution 1.15 
Assuming that x2 > z;, the probability density is 1/(a2 —.r,) in the interval [x)..r2], 
and zero outside it (see Exercise 1.7). Then integral (1.30) becomes 
1 bs 
(c)= Ap dte 
t2- 71 Ja, 
=. 1 2)22 
Senta 
etal er ee 
2(zo—21) 2°” - 
Solution 1.16 
Remembering that the density p(x) is zero for x < 0, the mean value is 
1 7= 
(2) = — [ dx xexp(—w/ 29) 
To Jo 
2 
=a [ der wexp ti) The calculation used the 
Jo change of variable 


2 

= ao [—wexp(—u)] > +m f duexp(—u) 
Jo 

= (ap x 0) + (xo x 1), 


so (x) = zo. 


Solution 1.17 


‘The probability density function is 
_ fi, re (0.1), 
te) ={ 0) otherwise. 


The moments are therefore 


oS 1 ! 
M,. = [t#*0(0) =f drz* = ae 


Solution 1.18 


In the case of a discrete distribution, by analogy with equation (1.28) the expression 
for (a*) is 


(c*) = SO XfP;. 
del 


If x is the number obtained from a throw of a die, this takes discrete values from 
j =1 to j =6, with P; = 4. So the mean value of x? is 


6 
2 2 14+44+9+16+25+36 91 = 
(a?) = 1 Se aie ie 

= 6 6 


u = 2/xo, followed by an 
integration by parts. 
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Solution 1.19 


From the result of Exercise 1.17, the first and second moments are M, = $, Mz = 4. 


The variance is therefore Var(7) = Mz — M? = 4. 


Solution 1.20 


The expression for the mean value of «x in terms of its probability density p, (a) is 
oo 
@)= [ aeep(e) 
~00 


using the notation from Exercise 1.13. The probability density p,(x) is given in 
terms of p(x, y) in the solution to Exercise 1.13. Inserting this expression gives 


(a) = e dx le dy x p(x, y). 


Solution 1.21 


If « and y are independent, their joint probability density factorises, and may be 
written as p(a,y) = p,(cr)2(y) where py and py are the probability densities for x 
and y, respectively. The mean value of the product xy is then 


ow = f ae f dy xy p(x,y) 


2 oe 
= [- aezo(e) [duvet 
0 20 
= (x)(y). 

So the correlation coefficient is C,y = (ry) — (x)(y) = 0. 
Solution 1.22 
Comparing equations (1.39) and (1.32), we have 

Con = ((x — (2))(@ — (@))) = Var(x). 
Alternatively, comparing equations (1.40) and (1.34), we have C,, = Mg — M? = 
Var(a). 
Solution 1.23 


For two successive throws, yielding values i on the first throw and j on the second, 
all combinations of two numbers have equal probability, namely Pj, = 1/36. The 
mean value of the product ry =i x 7 is 


6 6 


Solution 1.24 


Using the substitutions u =x and de/dx = xexp(—x?) (so v = —exp(—x?)/2) in 
the formula for integration by parts, 


du du 
fouk = [uv] - [a Cr] 


gives 


* = 
re =f dex x? exp(—x?) = [ 
~20 


39 
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Solution 1.25 


Using the substitutions u = 2"~! and dv/dx = rexp(—2?) in the formula for inte- 
gration by parts gives 


es P 
Ih =f dex x" exp(—x) 
—00 


_ [=2"71 exp(—2?)]* 
pl iemg men 


(tet | 
= ine: 


Solution 1.26 
If the probability density is normalised, we have 
oo 
/ dx Aexp{—a(x — a9)?] = 1. 
= 


Using the change of variable u = a(x — xo), so that du/dx = \/a, we obtain 


af” da exp[—a(x — xo)?] = +f duexp(—u?) = ay. 


Thus we must have A = \/a/7 in order for the probability density function to be 
normalised. 


Solution 1.27 


To calculate the mean value, use the substitution u = a(x — x9): 


(t) = ( dav x p(x) 


-2f- dr xexp[—a(x — x0)" 
Bene du (u -; 
- 2 f ( (J+ 2) en ur) 


L Fs iz 2), %o | be 2 ae ‘ 
=— duuexp(—u*) + —= duexp(—u*) The first integral in the 
VT Joe Vi Jove fourth line vanishes 
ag * to /t because the integrand is 
~Vra! Vr odd. 
= 29: 


The same change of variable helps to calculate the variance: 
o@ = ((x — (x))?) 
= ((« —t0)?) 


= ef dx (x — xo)? exp[—a(x — x0)?] 
“Vif ‘i eee ) 


“aA haa 


using Jy as calculated in Exercise 1.24. 
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Solution 1.28 
Using the substitution u = (a — to)/v20? and relation (1.51), we have 


(e-z)')= fae ey (O— a0) expe ~ 20)*/204] 


A poe 


Solution 1.29 


From the hint we have N(a) = 1— N(—2). Using the data in the table gives N(1) = 
1—N(—1) = 1 —0.1587 = 0.8413. Similarly, N(2) = 1 — 0.02276 = 0.977 24. 


Solution 1.30 


It follows from the description of the function N(x) given beneath equation (1.55) 
that the probability that a Gaussian random variable does not exceed its mean by 
more than 2.5 multiples of its standard deviation is N(2.5) = 1 — N(—2.5). From 
the table, this gives N(2.5) = 1 — 0.006 21 = 0.993 79. 


One can see from equation (1 and the discussion following it, that the probabil- 
ity that a Gaussian random variable has its value within three standard deviations 
of its mean is given by N(3) — N(—3) = 1 — 2N(—3) = 1— 2 x 0.00135 = 0.9973. 


Solution 1.31 


The probability of producing a boy is $, and the probability of producing a girl 
is }, The probability of producing n girls and 1 boy is ($)" x 3 =(})"*!. The 
mean number of girls is 


SS 


(n) = 3 P(n) = >n(3)""". 


n=l n=l 
Now note that this sum is closely related to the derivative of S(a) given in the 
question: 


4 5(a) =r-n(2)" 


n= 


Set 
~ de 


Setting « = 2 gives 


The mean number of girls per couple is (n) = 1, and there is always one boy, so the 
ratio of male to female births is unity. 


Because the mean number of children produced by each couple is two (1 boy and 
(n) =1 girls), the population size is expected to remain constant. 


4l 


42 


Chapter | 


Solution 1.32 


(a) 


(b) 


Writing 
P(t + dt) = P(t) + P’(t) dt + O(6t?) 
and comparing with the expression for P(t + dt) given in the question, we see 
that 
aE 
dt 
Integrating this for P > 0 gives 


InP=—Rt+e, or equivalently P(t) = C exp(—Rt), 


= —RP. 


where ¢ and C are constants. The constant C is determined by noting that at 
= 0 it is certain that no events have occurred, so P(0) = 1, giving C = 1. 


The mean time between events is 
oe 
(t) -[ dtt p(t), 
0 


where p(t) is the probability density for events to be separated by time t. (Note 
that p(t) is zero for negative t, so the lower limit of the integral may be set to 
zero.) The following argument can be used to determine p(t). 


First, let P(t,,t2) be the probability of observing an event between times 
t; and ty (assuming tg >t; > 0). Note that we have P(t),t3) = P(ti,t2) + 
P(to,t3) (with tz > t2 >t). Now, since P(t) + P(0,t) = 1, we have already 
determined that P(0,t) = 1 —exp(—Rt), so we have 
P(t. t2) = P(0,t2) — P(0,ti) 
= [1 — exp(—Rta)] — [1 — exp(—Rti)] 
= exp(—Rty) (1 — exp[—R(t2 — t1)}). 
It follows from the definitions of p(t) and P(t), tz) that P(t,t + dt) = p(t) ét+ 
O(6t?), so 
_ a [P(t.t+ét)] _ ‘S 
p(t) = jim, [Pe "] = Rexp(—Rt). 
The mean time between events is therefore 
O° 
d= rf dttexp(—Rt) # zo 
lo R 


The rate at which a puncture occurs is R = 15/100 per day. It takes 30 days 
for the cyclist to travel 600 km given that she cycles 20km per day. Hence, the 
probability of not getting a puncture after cycling 600 km is 


P(30) = exp(—30R) = exp(—30 x 15/100) = exp(—4.5) ~ 0.011. 


So the cyclist is very likely to have punctures. 
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CHAPTER 2 


Discrete random functions and 
random walks 


2.1 Introduction 


The Introduce} illus- 
trated in Figures 0.1 to 0.7, which can be modelled by random functions. 


ion to this Block listed some processes and phenomen 


This chapter discusses some discrete models for these random functions, 


{(n), which are defined only for integer values of n. For each value of the 
integer n, the value of the function f(m) is defined by means of a random 
process (that is, by a sequence of operations which involves random ele- 
ments, such as tossing coins, or using computer programs which generate 
apparently random numbers). er, in Chapter 6, there will be a discussion 
of how these definitions are extended so that one type of random function, 
the random walk, can be defined for all real values of its argument. 


The concept of a random function is just an extension of the idea of a ran- 
dom number. Random numbers are generated by using a random process to 
select a number from a spec 
set of positive integers). The random process gives a certain probability for 
selecting a particular value for the random number (or it gives a probability 
densit 
tions are constructed in the same manne! 
probability (or probability density) for selecting a function from a given set. 


fied set (such as the set of real numbers, or the 


. if the numbers are selected from a continuous set). Random func 


a random process has a certain 


In general, it is a difficult task to define sets of functions. and to associate 
functions in these sets with probabilities. The approach that we shall use 
in this chapter is to define one very elementary type of random function, 
which we shall call the coin-tossing function. The coin-tossing function is 
then used to derive two other types of random function, called the random 
walk and the correlated random function, which find applications as mode 
of random proce 


The chapter starts by introducing the coin-tossing function in Section 
and this will be used (in Section 2.3) to construct random walks. The 
random walk is a key concept in this course because of its relation to diffusion 
processes, and its properties are examined in some detail in Sections 2.4 
to 2.7. Finally, Section 2.8 describes the correlated random function. 
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2.2 An elementary random function 


2.2.1 Defining the coin-tossing function 


We start by considering the simplest random function, which we call the 

coin-tossing function. It is a mapping from a set of consecutive positive The name ‘coin-tossing 
and negative integers {—N,....—2,—1,0,1,2.3,..... N —1,N} to the set function’ is not standard 
{1,1}, constructed by the following procedure. For each value of n chosen mathematical terminology. 
from the first set, toss a coin. If it falls heads up, assign the value +1 to the 

function at n; otherwise, assign f(n) = —1. Then pick the next integer n, 

and repeat for all the elements of the first set. (We could pick the values of n 

in sequence, but the order in which we take them is, in fact, irrelevant.) By 

increasing N, this procedure will define the function f(n) for an arbitrarily 

large range of integers. 


The function will depend upon how the coin falls with each throw, and re- 

peating the entire procedure will produce different examples of the random 

function. Sometimes these are described as different realisations. Two ex- 

amples (i.e. different realisations) are shown in Figure 2.1. The procedure 

which generates a realisation of the random function is called a stochastic The word ‘stochastic’ has 
process. We shall use the term ‘random function’ to refer to both the pro- the same meaning as 
cess that generates the function and one of its realisations. For example, ‘random’. 

when we refer to the coin-tossing function, it will be clear from the context 

whether we mean a particular realisation of this random function or the 

stochastic process which generates such realisations. 


Hin) 15 


a 6 elie eee 
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Figure 2.1 Two realisations of the coin-tossing function, defined for the range 
n=—8ton=+8 


The coin-tossing function will be used to generate other types of random 
function. Unless otherwise stated, we shall assume that the limit as N — 00 
is taken, so that f(m) is defined (randomly) for every n. 


2.2 An elementary random function 


2.2.2 Statistics of the coin-tossing function 


In Chapter 1 we discussed random events in terms of their probabilities. 
and of course we can discuss random functions using the same approach. 
For example, given a random function (such as the coin-tossing function) 
that takes a discrete set of values f(n) on a finite set of points (such as 
n=-N,...,0,1,-..5 N), we can assign a probability for a given realisation 
of the random function. (In cases where f(n) has a continuous range of 
values, a probability density must be specified.) However, this approach is 
very cumbersome, because of the large number of variables required. (For 
example, the coin-tossing function defined for the integers from —N to +N 
has a probability which is defined in terms of 2N +1 random variables, 
namely the values f(n).) It is preferable to discuss random functions in 
terms of their statistics. The remainder of this section will describe the 
statistical properties of the coin-tossing function. 


Simple statistics give a clearer understanding of the properties of a random 
function than can be obtained by considering probabilities. Also, we shall 
see later that statistics can often be evaluated without writing down proba- 
bilities or, for continuous cases, probability density functions. The simplest 
statistics describing a random function f(n) are the mean (f(n)) and the 
second moment (f?(n)), discussed in Chapter 1, Section 1.2. 


We use angular brackets to denote expectation values in the same way as in 
Chapter 1, but it may be helpful to review what the notation (f(n)) means. 
If we make M observations of a random variable X, then the average of 
these observations approaches (X) in the limit as M — oo. The quantities 
(f(n)) and (f?(n)) are defined in the same way. If we generate M different 
realisations of a random function f, then we can determine the average of 
f for some given choice of the integer argument n, that is, the average of 
f{(n). This average approaches the expectation value (f(n)) in the limit 
as M — co. Similarly, if we calculate the average of f? at some given 
value of n over M realisations of the random function, then this average 
approaches the expectation value (f?(n)) in the limit as M — oo. There 
is no fundamental difference between calculating the expectation value of 
a single random variable, (X) say, and the expectation value of a random 
function with the argument set equal to n, namely (f(n)). In both cases, 
equation (1.28) or (1.30) can be used, depending on whether the quantity 
that we are averaging has a discrete or a continuous range of values. 


In general, both of these expectation values, (f(n)) and (f?(n)), will depend 
upon n. In the case of the coin-tossing function, however, (f(n)) and (f?(n)) 
do not depend upon n, because the procedure used to generate the random 
number f(m) is the same for all choices of n. 


There is an alternative approach to defining expectation values for random 
functions. Given a particular realisation of a random function f(nm) which, 
in this case, is defined on all positive integer values n. we could calculate an 
average over n, such as 

Nn 


1. 
foo = wo so (2.1) 


and consider the limit of this quantity as N — oo. This average, based on a 
single realisation, need not be the same as (f(n)). which is defined in terms of 
an average over realisations. All of our discussions will consider averages over 
different realisations. 
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The correlation coefficients (f(n)f(n2)) — (f(ni))(f(n2)) are, in general, 
dependent upon n, and nz. The set of these correlation coefficients is re- 
garded as being a function of n; and ng, called the correlation function 
C (m4, nz): 


C(mi.n2) = (fF (m1) F(n2)) — (F(m))(F(n2)). (2.2) 


The correlation function is positive if the values of f(nz) — (f(n2)) tend to 
have the same sign as f(ni) — (f(m1)), and negative if they tend to have 
opposite signs. The correlation function is zero if the values of f(n)) and 
f(ng) are independent. When we investigate the statistics of the random 
walk in Section 2.4, it will become clear that it is very useful to know the 
correlation function of a random function, 


The task of calculating mean values and correlation functions is greatly 
simplified if all of the values f(n) are independent, as is the case for the 
coin-tossing function. These statistics will now be calculated for the coin- 
tossing function f(n), which takes values +1. Recall that the mean value 
of a random variable is the sum of the possible values of the variable, with 
each term in the sum multiplied by the probability that this value occurs. 
In this case, the values +1 oceur with probability P(+1) = 3 so the mean 
value of the coin-tossing function is 

(f(n)) = (+1) P(+1) + (1) P(-1) = 5-3 =0. (2.3) 
Now let us consider the correlation function for the coin-tossing function. 
Because (f(n)) = 0 for all n, the correlation function is given by C(n1,n2) = 
(f (1) f(n2)), which is the mean of the function evaluated at m, multiplied by 
the function evaluated at ng. We can see immediately that (f(n1)f(n2)) =0 
when n; # n2, because the values f(n;) and f(nz) are independent. Also, 
we see that (f(n1)f(nz)) =1 when nj = no, because f?(n) is always equal 

0, for ny # ne, 


to 1. It follows that 
senrsioa) = {Poem Am Nm Ba 


(where 6,,,,n) is the Kronecker delta symbol). 


(2.4) 


‘We can confirm equation (2.4) by a direct calculation of this correlation coeffi- 
cient using equation (1.41). This requires the joint probability for the function 
at values nj and n2, which will be defined as follows: P(s;.89.n1,n2) is the 
probability that f(n;) takes the value s; and f(n2) takes the value 82. The 
values of the function at n; and ny are independent (when n, # ng), so (accord- 
ing to equation (1.8)) their probabilities multiply. Provided that ny # ng, and 
writing P(s.n) for the probability for f(n) = s, we have P(s;,s2,m1,n2) = 
P(s1,m)P(s2,n2) = $x 4 = 4, for any combination of s; and sz, When 
ny, = Ng, $1 and sg are the same variable, so P(s,.82.n,n) =0 if s; A s2 (be- 
cause it is impossible for f(n) to take two different values for a given realisation), 
whereas P(s).82,n,n) = } if 8; = s2, because s; can be either +1 or —1 with 
equal probability }. Using these results in equation (1.41), it follows that 


(f(r) (m2) = SYS Plsi-se,m1.n2) sise 


=t1s9=21 


(+1)(41)P(+1, +1. m1. ng) + (—1)(-1)P(-1, -1, m1, 02) 


+ (+1)(—1)P(41, -1.ny.m2) + (-1)(+1)P(-1, +1, m1, n2) 


_ f4+d-4-4, formém, 
4+4-0-0, form =n, 
(2.5) 


The correlation coefficient 
was introduced in 
Subsection 1.2.2. 


Recall the discussion in 
Subsection 1.2.2. 


This was shown in the 
solution to Exercise 1.21. 


See equation (1,28). 


Recall the result of 
Exercise 1.21: the solution 
is given for the case of 
continuous distributions, 
but the same reasoning 
applies to the discrete case. 


2.2 An elementary random function 


Example 2.1 
If a coin has a ‘bias’. such that the probability of a toss falling heads up is 
pH 3, calculate (f(n)), (f(m1)f(m2)) and C(nj.ng) in terms of p. 
Solution 
The function f(n) takes the value +1 if the coin falls heads up, and —1 if 
the coin falls tails up. If the probability of heads is p, then the probability 
of tails is 1 — p. So we have 
(f(n)) = (+1)p + (-I)(01 —p) = 2p - 1. (2.6) 
As the trials are independent, when n, # n2 we have 
P(+1,+1,n1,n2) = P(+1,n1) P(+1,n2) =p, 
P(-1,-1,n1,n2) = P(—1,n1) P(—1,n2) = (1 — p)?, 
P(+1,-1,m1,n2) = P(+1,n,) P(—1.n2) = p(1 — p) 
= P(—1.4+1.nj, ng). (2.7) 
If ny = nz =n (say), then 
P(+1,¥1,n,n) =0, 
P(+1,+1,n,n) =p, 
P(-1,-1,n,n) =1-p. (2.8) 
For ny # na. 
(f (ria) F(n2)) = (41)(4+ 1p? + (-1)(-)(1 = p)? 
+ (+1)(—1)p(1 — p) + (-1)(+1)(1 — p)p 
= 4p? —4p+1 
= (2p-1) (2.9) 
(as must be the case, since C(n,,n2) = (f(ni)f(n2)) — (f(m1))(f(n2)) = 0 


when n, # ng). As expected, this vanishes when p = } When ny = ng =n, 
we have 


((F(n)]?) = (+1)?p + (-1)°(1 — p) = 1. (2.10) 
The results for (f (71) f(n2)) can be summarised in a single expression with 
the help of the Kronecker delta symbol: 

(Ff (m1) f(m2)) = 1 + 4p(p — 1)(1 = bny.na)- (2.11) 
The correlation function must equal zero when n; # ng, because f(n,) and 
(ng) are independent: 

Cm.) = (Fra) F(rma)) — (F(mx)) Fra) 

= 14 4p(p—1)(1 ~ bny,nz) — (2p — 1)? 

= 4p(1 — p)Sny,no- (2.12) 
As expected, the results of the discussion preceding this example are recov- 
ered when p = 3. a 
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Exercise 2.1 


You can generate a discrete random function f(n) by throwing a six-sided die: pick 
integers n in sequence, and for each n define f(n) to be the number uppermost on 
throwing the die. What are the values of (f(n)). (f(n1)f(nz)) and the correlation 
function C(n1.n2)? 


The coin-tossing function is not very useful in its own right. Its principal use 
is to generate other types of random function, which can be used to model 
interesting phenomena. In the next section we shall introduce the discrete 
random walk, which can be developed as a model for the processes illustrated 
in Figures 0.6 and 0.7. We shall concentrate on discussing random walks, 
because of their close connection with diffusion processes. At the end of 
the chapter, in Section 2.8, we introduce another type of random function 
which can be used to model smoothly varying random systems, such as 
the temperature series of Figure 0.3 or the model ocean waves shown in 
Figure 0.5. 


2.3 Random walks 


2.3.1 Definition and mathematical description 


A random walk is a process in which a particle with position X takes a 
succession of randomly chosen steps at a sequence of times labelled by a 
number 7’. The position X(T) is therefore a particular type of random func- 
tion. We shall use the term ‘random walk’ for both individual realisations 
and the process generating these random functions. In most applications, 
X represents a physical position, but in some applications it can be another 
type of variable, such as the price of a commodity. 


We start by considering the simplest case, which we call the simple random 
walk, which is constructed by the following procedure. Place the particle at 
the origin, so that at time T = 0 its position is X = 0. At each step, increase 
T by 1, and toss a coin. If it falls heads up, increase X by 1; but decrease it 
by 1 if the coin falls tails up. This process is illustrated in Figure 2.2. Here, 
T takes non-negative integer values, and X takes integer values. 


‘Tails’ ‘Heads’ 
FM’ 
L A r 1 


X1 X M1 


Figure 2.2 Illustrating the process for generating a simple random walk: the 
particle is moved one step to the right if the coin falls heads up, and one step to 
the left if it falls tails up 


Two realisations of this random walk are plotted in Figure 2.3. Note that 
X is even when T is even, and X is odd when T is odd. 


2.3 Random walks 


X(T) 6 


Figure 2.3 Two realisations of the simple random walk 


Exercise 2.2 


Generate two different simple random walks, each one the result of tossing a coin 
T = 10 times, and plot them in the same fashion as in Figure 2.3. (No solution is 
given, because there are many different possible outcomes.) 


Random walks are excellent models for many phenomena in the physical 
world, and are also useful models in many other contexts. Some examples 
will be given shortly, but first we consider how to describe random walk 
processes mathematically. The simple random walk described above can be 
constructed from the coin-tossing function f(n) described in Section 2.2. 
The steps of the variable X, which randomly takes values +1 with equal 
probability, can be taken to be the values of a realisation of the coin-tossing 
function f(n), so that X(T) is the sum of these values: 


T 
X(T) = Yso, where T = 1, 


n=1 


. and X(0) = 0. (2.13) 


It is instructive to express the simple random walk using the recurrence 
relation 


X(T) =X(T-1)+ f(T), (2.14) 
which describes more directly how the random walk was generated, stating 
that the new displacement at time T is the old displacement, X(T — 1), at 


the immediately preceding time, T — 1, plus a random number, f(T), which 
takes values +1 with equal probability. 
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Example 2.2 


Show that equation (2.13) follows directly from equation (2.14) by repeated 
application of the recurrence relation. 


Solution 
From equation (2.14), 
X(T) = X(T—-1)+ f(T) 
= X(T-—2)+f(T-1)+ f(T) 
2 
X(0) +} f(n) 


n=1 


is 
YS sn), (2.15) 


n=1 


iH 


il 


where the second line follows by applying the recurrence relation (2.14) to 
X(T — 1) to obtain X(T — 2), and the third line comes from repeating this 
procedure T times. Finally, the last line is a consequence of X(0)=0. 


The random walk displacement X(T) at time T is a random variable which 
can be described by the probability P(X, 7) that it equals X after T steps, or 
by means of its statistics, such as the value of (X*) at step T. The statistics 
give a very informative description of a random walk. Section 2.4 will show 
how these can be calculated directly from the correlation function of the 
coin-tossing function, without first calculating the probability P(X,T). 


2.3.2 Some examples of random walks 


The random walk is a very important concept, and has a very wide range of 
applications in the physical sciences and applied probability. Some of these 
are described briefly below. 


e A very important application of random walks is in the understanding 
of the phenomenon known as Brownian motion. This is the apparently 
random ‘jiggling’ motion of small particles of pollen or dust suspended 
in still water. The motion is not visible to the naked eye, but can be seen 
using a microscope. It is interpreted as being due to the particle being 
jostled by the random motion of the molecules making up the liquid 
(which are too small to be visible even using a microscope). Brownian 
motion was illustrated in Figure 0.6. It is modelled by a random walk in 
which the motion occurs in two or three dimensions, and in which both 
the random displacements and the time intervals between them are very 
small. Random walks in two or three dimensions and the limiting case 
of small steps will both be considered in Chapter 6. 


Brownian motion is named after Robert Brown, a Scottish botanist, who 
(in 1827) noticed agitated motion of pollen grains in water using a mi- 
croscope. It would eventually provide important evidence to support the 
atomic theory of matter. At first. it was believed that the motion of the 
pollen grains was a result of them being ‘alive’. Only after extensive further 
experiments was it accepted that ‘obviously’ inanimate materials, such as 
powdered metals, show the same effect. Even as late as 1865, it was be- 
lieved that the process of grinding materials might create ‘active molecules’, 
which would eventually cease moving. Observations of Brownian motion of 
particles in sealed containers over a period of one year helped to discredit 
that theory. By the late nineteenth century. the correct explanation was 
understood, but not universally accepted. 


2.3 Random walks 


The reality of atoms continued to be questioned by prominent scientists 
such as Ernst Mach until the end of the nineteenth century. However, a 
quantitative analysis of Brownian motion by Josiah Willard Gibbs and Al- 
bert Einstein (who worked independently), followed by experimental work 
by Jean Perrin confirming their theory, showed how evidence from Brow- 
nian motion could fit into a consistent atomic theory of matter. Perrin 
won the 1926 Nobel prize in Physics for his work on sedimentation equilib- 
rium, a phenomenon which is explained by Einstein’s theory for Brownian 
motion. 


e The macroscopic process of diffusion is a consequence of random motions 
of molecules. An example of such a random trajectory is illustrated in 
Figure 2.4: the ‘black’ molecule follows an apparently random path due 
to collisions with the ‘white’ molecules. In liquids and gases it is believed 
that the molecules all have random trajectories of this type, which are 
modelled by a three-dimensional extension of the random walk, of the 
type considered in Chapter 6. 


Figure 2.4 Schematic illustration of the highly irregular motion of molecules 
in a gas: the trajectory of the ‘black’ atom colliding with the ‘white’ atoms 
can be modelled by a random walk in two dimensions 


e Apparently random motion (sometimes called chaotic motion) of parti- 
cles is commonly encountered in many other physical situations. In many 
cases this motion can be modelled by a random walk. At the smallest 
scale, the conduction of electricity in metals is explained by models in 
which electrons (sub-atomic particles that carry electrical current) follow 
random walks. On the largest scale, the motion of stars through galaxies 
is sometimes modelled by random walks, in which the steps (resulting 
from near collisions with other stars) are separated by millions of years. 


e Random walks also occur frequently in applied probability. Their earliest 
appearance was in problems involving games of chance: a gambler's 
fortune takes random positive or negative steps according to the outcome 
of a sequence of bets. Such problems are complicated by the fact that 
the gambler’s fortune cannot become negative. They will not be pursued 
here, because our principal interest is in the connection with diffusion 
processes. 

e Another application of random walks in probability theory is modelling 
changes in the prices of items traded in financial markets, such as com- 
modities or stocks and shares. A large number of apparently unpre- 
dictable decisions by investors to buy and sell causes erratic changes of 
the market price, such as those illustrated in Figure 0.7. 
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2.4 Statistics of random walks 


The random walk can be characterised by writing down the probability 
P(X,T) of being at position X after T steps. This is the most complete de- 
scription, and will be considered shortly. However, it is also very instructive 
to examine some statistics of X(T): we shall consider the moments (X(T)) 
and (X*(T)). These are readily obtained from equation (2.13), with the 
help of equations (2.3) and (2.4). The mean value of the displacement of 
the simple random walk, equation (2.13), is 


7 
(X(T)) = (S10 )- SY (F(m)) =0. (2.16) 
n=1 n=l 
(This follows immediately from equations (1.44) and (2.3).) Equation (2.16) 
tells us that if we generate many realisations of the discrete random walk, 
and average the displacement X after time T, this average will approach zero 
as we include more and more realisations. Equation (2.16) reflects the fact 
that the displacement is equally likely to be in the direction of decreasing 
X as increasing X. 


The square of the displacement is never negative, and therefore gives a more 
useful indication of the distance X by which the particle is expected to have 
moved after T steps. Using equations (1.44) and (2.4) gives 


= T 
= (= f(r) > s2)) 
n=l ng=1 
T zi 
(= DE sou)fv)) 


a 
dK F(m) f(n2)) 


4 
DD fave 


ng=1 


i 


T 

x 
3 

n=l 
Tr 

waar. (2.17) 

n=l 

From these results we see that Var(X) = (X*) — ((X))? =T. 

More generally, the simple relationship 


Var(X) = 2DT (2.18) 


(where D is a constant called the diffusion coefficient) is a characteristic 
property of random walks. In this case the constant 2D is unity, but later we 
consider cases where it may take other values. It indicates that the typical 
distance from the starting point (which could be defined as \/Var(X), a 
quantity which is always positive) is proportional to the square root of the 
number of steps T. 


2.4 Statistics of random walks 


Exercise 2.3 


If a particle, which moves along a line by means of a random walk, has been 
randomly displaced by a distance 1mm after 1s, how far is it likely to have moved 
after one week? Compare this with the distance moved after one week if the motion 
is at a constant velocity. 


Random walks may have a drift, so that the particle moves with a drift 
velocity as well as making random displacements. 


Example 2.3 


A random walk with drift can be obtained as follows. At each step, the 
particle moves by v +1 with probability } 3 or by v—1 with probability } 
Calculate (X) and (X?) after T steps, and show that Var(X) = T. Show 
that (X) = vT, so that v can be thought of as a velocity, called the drift 
velocity. 


Solution 


Here the displacements are a random function f(n) which takes value v + 1 
or v—1, both with probability 5 !. The mean of f(n) is 


(f(n)) = $(v+ 1) + 3(v-1) =. (2.19) 


Because values of f(r) for different values of n are independent, for ny # n2 
we have C(nj,n2) = 0, so 


(f(r) F(r2)) = (Fra) (f(a) =v? for ma A ne. (2.20) 
Also, 
(if (m)P) = }(v + 1)? + $(@— 1)? =v? +1. (2.21) 
The random walk is a sum of values of the random function f(n): 
Tr 
X(T) = ¥) f(r). (2.22) 
n=1 
The mean and second moment of X(T) are 
mn 
(X(1)) = SOF (m)) = oF (2.23) 


n=1 


and 


((x()P) 53 > (F(mi)F(n2)) 


n=ln= 

=T(v? + - +(T? —T)v? = Tv? + T, (2.24) 
because there are T terms where nj = nz and T? — T terms where n; # no. 
From these we find Var(X) = (X?) — ((X))? = 7. Note that the variance is 
proportional to T, in agreement with equation (2.18). 
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Exercise 2.4 


Consider a process in which, at each step, a particle is displaced by +1 with prob- 
ability p or by —1 with probability 1—p. Calculate (X), (X2) and Var(X) after 
T steps. In view of the discussion in Example 2.3 and the discussion following 
equation (2.18), does this process also describe a random walk with drift? 


Some harder exercises on statistics of random walks can be found at the end 
of this chapter. 


2.5 Probability distribution of a 
random walk 


The aim of this section is to formulate and solve an equation for the proba- 
bility P(X,T) of reaching X after T steps, in the case of the simple random 
walk illustrated in Figure 2.2. If we generate M realisations of the simple 
random walk with T steps, and count the number My of these realisations 
for which the particle finishes at position X, we expect that in the limit as 
M — of, the ratio My/M approaches a limit P(X,T). We shall now cal- 
culate P(X,T) using the rules of probability theory described in Chapter 1, 


The particle can reach position X at step T either from being at position 
X +1 at step T —1 and throwing tails (so the particle takes a step back), 
or from being at position X —1 at step T — 1 and throwing heads (so the 
particle takes a step forward) — see Figure 2.5. The probability of reaching 
X the first way is 

Phack = P(-1) x P(X +1,T -1), (2.25) 
where P(—1) = 4 is the probability of taking a decreasing step. (Note that 
these probabil multiply because the probability of taking a step to the 


left or right is independent of the current position — recall equation (1.8).) 
Similarly, the second route contributes the probability 


Piorwara = P(+1) x P(X —1,T —1), (2.26) 


where P(+1) = $ is the probability of taking an increasing step. 


Prorward Prack 
cae. gy 
. . 
1 i 1 — 
xX1 X X+d 


Figure 2.5. The random walker can arrive at position X from two possible 
previous locations. The probability P(X,T) of reaching X at time T is the sum of 
the probabilities for these steps. 


Since arriving at X by taking a step forward and reaching X by a step 
back are mutually exclusive events, the probability of being at X at time 
T > 0 is the sum of these terms (recall equation (1.6)). Thus we have 
P(X,T) = Prorwara + Phacks OF 


P(X,T) = $ [P(X -1,T-1)+P(X+1,T-1)]. (2.27) 


2.5 Probability distribution of a random walk 


This is a recurrence relation, giving the probability at step T in terms of 
the values at the preceding step, T—1. The values of P(X,T) may be 
obtained for any positive integer T, using the initial data P(0,0) = 1 and 
P(X #0,0) =0. 

Table 2.1 gives the values of P(X,T) up to T = 4, obtained by a direct 
calculation of all of the P(X,1), then all of the P(X,2), and so on, using 
the recurrence formula (2.27). 


Table 2.1 Probabilities for the simple random walk up to T= 4 


P(X,T) X(T) 

T |-4|-3/-2}-1]0]1] 2/3] 4 
0 o}o}olo 0} 0 }o}0 
1 0}o0]0} 5 ]0}s}/0]o;0 
2 ofo[4{o [4 [ols foo 
3 o|d]o]}]g]ojz ojglo 
4 &l|O} wm] 9 |B) Ol we) o] ae 


Exercise 2.5 


Use the recurrence relation (2.27) to determine the probabilities in the next two 
rows of Table 2.1, for T= 5 and T =6. 


We can solve equation (2.27) by investigating a connection with Pascal's 
triangle, which is illustrated in Figure 2.6. 


1 5 10 10 5 1 


Figure 2.6 ‘The first six rows of Pascal's triangle 


Pascal's triangle (said to have been ‘discovered’ by Blaise Pascal, 1623-62, 
although already known and extensively used by Arab, Chinese and Indian 
mathematicians at least five centuries earlier) is a table of integers in a trian- 
gular format. Each entry is the sum of the two numbers from the row above 
immediately to the right and to the left. If there is no number entered in one of 
these positions, as for the first and last entries of each row, zero is added. For 
example, in row six at position three, the entry is obtained by adding entries 
two and three of row five, giving 4 +6 = 10. 


Pascal's triangle was originally devised as a construction to obtain the binomial 
coefficients C?. When the binomial (x + y)” is expanded, terms proportional 
to a”y"~" are obtained, with r taking values from 0 to n. The coefficient of 
each such term is the number Cf, which is also the (r + 1)th number in the 
(n + 1)th row of Pascal's triangle. starting from Cj = 1. 


The binomial coefficient Cf is also the number of ways of selecting r choices 
from n objects, if the order in which the choice is made is irrelevant. 
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The initial conditions can 
be expressed concisely in 
terms of the Kronecker 
delta symbol: 

P(X,0) = 6x.0- 


The formula for C” will be 
given shortly. 
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Exercise 2.6 


Determine the numbers in the next row of Pascal's triangle. Also, expand (1 +.x)®, 
and confirm that the coefficients of x” are given by the numbers that you have just 
calculated. 


Table 2.1 should be contrasted with the first five rows of Pascal's triangle. 
It can be seen that the probabilities for any given value of T are equal 
to corresponding entries in the (T + 1)th row of Pascal's triangle, divided 
by 27. 


One way to understand the connection with Pascal's triangle is to use the 
interpretation of its elements Cf? as the number of ways of selecting r choices 
from n objects. After T steps, the simple random walk has made N positive 
steps and T — N negative steps. Each possible path for the walk involves 
choosing T steps independently, each with probability }, so the choice of 
any particular realisation has probability (3). The probability P(X,T) of 
choosing any of the CL random walks of N positive steps from a total of T 
is 


P(X,T) = zr Ch, (2.28) 


where X and T are such that there are exactly N positive steps. It is more 
natural to express the right-hand side of equation (2.28) in terms of X and 
T rather than N and T. This can be done by relating the number of positive 
steps N to the position X: we have X = N x (+1) +(T/—N) x (—1), soX = 
2N —T. Rearranging gives N = (X + T)/2. Expressing equation (2.28) in 
terms of X, we find that equation (2.27) is expected to have a solution of 
the form 


1 
P(X,T) = 57 Cheeryy2: (2.29) 


Note that this solution applies only when X and T have the same parity (i.e. 
both even or both odd). As can be seen from the expression X = 2N —T, 
it is impossible for the parity of the position X reached by the random walk 
to differ from that of the step index T, so when the parities of X and T 
differ, P(X,T) = 0 (see Table 2.1). 


Equation (2.29) is the required solution of equation (2.27) when X and T 
have the same parity. In order to make use of this solution, it is necessary 
to have a formula for the binomial coefficients. The coefficient C? in the 
(r+ 1)th location along the (n + 1)th row of Pascal's triangle (with r running 
from 0 to n) is given by 
n! . 
C= 2.30 
rrl(n=r)! (2:20) 
where n! is the factorial of n, given by n! =n x (n—1) x ++» x 3x2*x1, 
and (by convention) 0! = 1. 


The arguments presented in the preceding two paragraphs deduced equa- 
tion (2.29) from known facts about the binomial coefficients, without giving 
a proof, The following exercise verifies that equation (2.30) gives the entries 
in Pascal's triangle, and that solution (2.29) satisfies equation (2.27). 


2.6 An approximate form for the probability distribution 


Exercise 2.7 

‘The coefficients in Pascal's triangle satisfy the recurrence relation 
factor (2.31) 

for n > 1, where C” is the (r + 1)th coefficient in the (n + 1)th row, and coefficients 

with r < —1 or r>n-+1 are taken to be zero. Note the close similarity of this 


relation to equation (2.27), Show that equation (2.30) satisfies this relation, and 
also that solution (2.29) satisfies equation (2.27). 


Exercise 2.8 


Write down the equation analogous to (2.27) which applies to the model discussed 
in Exercise 2.4. 


Equation (2.29) is an exact formula, but is not particularly instructive, be- 
cause the factorial functions are not easy to use in subsequent calculations. 
The next section gives a simple and very useful approximation for P(X.T). 


2.6 An approximate form for the 
probability distribution 


Figure 2.7 shows the values of the probabilities P(X,T) given by equa- 
tion (2.29) plotted as a function of X for two fixed values of T, compared 
with an approximate form Papp(X,7) given by the expression 


2 


Pasty) = exp(—X?/2T). (2.32) 


V20T 


For clarity, the figure plots Papp(X,T) for T = 3 and T = 11 as two continu- 
ous curves despite the fact that they represent probabilities at integer values 
of X, not probability densities. The exact values of P(X,T) are shown as 
dots. This figure shows that equation (2.32) is a very good approximation, 
and its accuracy is seen to improve as T increases. It should be understood 
that this approximate distribution applies only to values of X with the same 
parity (odd or even) as T, and that the probability must be taken to be zero 
for the opposite parity (as shown by the dots on the X-axis in Figure 2.7). 
The approximate probability (2.32) is a Gaussian function, with a variance 
that is proportional to T. 


57 


58 Chapter 2 Discrete random functions and random walks 


-10 -8 -6 42 0 2 4 6 8 10 


Figure 2.7 Comparison of exact probabilities for a random walk (dots) with a 
Gaussian approximation (continuous curve), for the cases T= 3 and T = 11 


Exercise 2.9 Hard exercise 


Estimate (X*) for the approximate probability (2.32), by approximating the sum 
over values of X by an integral. Verify that the result is identical to that for the 
exact probability, given by equation (2.17). 


We shall now consider why solution (2.29) can be approximated by the 
Gaussian function (2.32), using an approximation for the logarithm of the 
factorial function N! known as Stirling's formula: 


In(N!) = Nin(N) -N+ 3 In(2nN) +O(1/N). (2.33) 


The final term indicates that N times the magnitude of the error is bounded 
in the limit as N — oo. 


Exercise 2.10 


Using an electronic calculator to evaluate Stirling’s formula, estimate 6!, 8! and 10!. 
Compare these estimates with the exact values. 


Confirm that the relative error decreases as NV increases. (If a is an approximation 
to ag, the relative error is defined as [x9 — x|/:0.) 


Stirling’s formula is a far from obvious result; the following remarks give 
some insight into the form of equation (2.33). 


Let us obtain upper and lower bounds for In(n!) by using the function 


L(x) = In [Int( + 1)] . (2.34) 
where Int(x) denotes the integer part of 2. Note that For example, 
n n Int(23.764) = 23, and we 
In(n!) = SU. In(j) = if dr L(x), (2.35) Shall consider only « > 0. 
j=l 3 


because the integrand is constant over a succession of intervals of unit length 
(see Figure 2.8). Also note that since x < Int(z +1) <a+ 1, 


In(x) < L(a) < In(a + 1) (2.36) 


(as also shown in Figure 2.8). Finally, integrating this inequality from 1 to n, 
we conclude that 


nln(n) —n+1 < In(n!) < (n+ 1) n(n + 1) — (n +1) — 2In(2) + 2. (2.37) 


This is consistent with Stirling's formula, and gives some insight into the form 
of the two leading terms. 


2.6 An approximate form for the probability distribution 


Figure 2.8 The function L(r) = In{Int(z + 1)] is bounded above by In(ie + 1) 
and below by In(:r) 


Exercise 2.11 


The step from equation (2.36) to equation (2.37) requires the integral of In(.r). 
What is this integral? 


Now the expression (2.29) for P(X, 7) will be approximated using Stirling’s 

formula. First write it in terms of factorial functions, using equation (2.30): 

R er T! 
P(X,T) = 57 vats 


(x+TV/2~ oF (ET + X))! (SP — X))! tse) 
2 2 


(where X + T is even). Now take the natural logarithm of this equation, 
using the rule In(a/b) = In(a) — In(b), and apply Stirling’s approximation to 
each factorial: 


In[P(X.T)] = In(T!) — In[(3(7 + X))!] — n[($(7 — X))!] — Tin(2) 


~Tin(T) - (7) » (4) 


- (7) In (7) —TIn(2) 


+4in wr, 
2 "T+ X)T—X)|" 


(2.39) 


Exercise 2.12 


Check that you can obtain equation (2.39) by applying formula (2.33) to equa- 
tion (2.38) and dropping the error terms. 
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Equation (2.39) can be simplified, using an approximation which is valid 
when |X/T| <1. The following Taylor series will be useful for expanding 
the terms involving logarithms: 
2 33 
Inf. +2) =A-F +> +00). (2.40) 


Writing « = X/T and using equation (2.40), we find after a series of steps 
that equation (2.39) gives the simple approximation 
Te 2 The steps leading to this 
ep eS ed oes expression are the subject 
isc emer gaze (x) : (2-41) ofan end-of-chapter 
Exponentiating, and substituting «= X/T, gives peed 


2 
v2aT 
which is the Gaussian approximation introduced as equation (2.32). Thus 
P(X,.T) is approximated by a Gaussian distribution when T > 1 and 
X/T <1. This approximation is very useful because the Gaussian func- 
tion has more convenient properties than the factorial functions appearing 
in equation (2.29), 


P(X,T) ~ exp(—X?/27), (2.42) 


The end-of-chapter exercises include a structured exercise (Exercise 2.18) to 
help you to fill in the gaps going from (2.39) to (2.41). The calculation is 
lengthy, and is a good test of your ability to do algebra, but it contains no 
important additional ideas. 


2.7 Relationship with the diffusion 
equation 


This section will present an alternative approach to explaining why the 
probability distribution of a simple random walk is well approximated by 
a Gaussian distribution. It is based upon noting a relationship between a 
version of equation (2.27) and a partial differential equation of the form 
oP OP 
ar D ax?” (2.43) 
Equation (2.43) is an important equation of applied mathematics, known as 
the diffusion equation, and the constant D is called the diffusion coefficient. See also equation (2.18), 
In later chapters it will be shown that the connection with the diffusion where D was also 
equation is not coincidental. encountered. 
To understand how equation (2.43) relates to a random walk. we consider 
a random walk in which a particle takes steps of length dX (instead of 
steps of length 1 as before) at times separated by 67, such that there are 
equal probabilities for jumping to the left or right. Repeating the argument 
leading to equation (2.27), we obtain 
P(X,T +67) =} [P(X +6X,T) + P(X —6X,T)]} . (2.44) 
It will be assumed that 6T and 5X are small. Subtracting P(X,T) from 
both sides, we have 
P(X,T +61) — P(X,T) 
= 4 [P(X +.6X,T) + P(X — 6X,T) — 2P(X,T)]. (2.45) 


2.8 A random function with correlations 


Now we make a Taylor series expansion of all the terms about (X.T), and 
find 


P(X,T +6) — P(X,T) 


_oP 1 BP 


ap eT) aT + 3 pa (X,T) (67)? +--- (2.46) 


and 

4 [P(X +6X,T) + P(X — 6X,T) —2P(X,T)] 

PP ae fig ge 4 F 

= baa (XT) (6X)? + 24 Byg(X.T) (6X) + --. (2.47) 
If we assume that both 6X and dT are sufficiently small that only the leading 
terms of both these Taylor series need be retained, then on substituting these 
terms into equation (2.45) we have 

OP _ (6X PP 

OT” 26T Ax?’ 
so the recurrence relation (2.44) can be approximated by the diffusion equa- 
tion (2.43), with diffusion coefficient D = (6X)?/2 67. 
Now we note that the Gaussian function P,pp(X.7) in equation (2.32) is an 
exact solution of the diffusion equation, Demonstrating this fact is left to 
the following exercise. 


(2.48) 


Exercise 2.13 


Verify that Pypp(X. 7) = 2exp(—X?/2T)/V2rT is (for T > 0) an exact solution of 
the diffusion equation when D = 3. 


Earlier (in Section 2.6) the use of the Gaussian function Ppp)(X,T) was 
justified by showing that it approximates the exact solution. This second 
approach has demonstrated that it is also an exact solution of an approxi- 
mate version of equation (2.44), namely the diffusion equation. 


2.8 A random function with 
correlations 


We started this chapter by introducing the coin-tossing function f(n), a 
random function for which successive values are uncorrelated, satisfying 
C(ni,n2) =0 for ny #n2. In many situations it is necessary to model 
random functions with correlations. An example of this would be modelling 
the sequence of daily temperature records illustrated in Figure 0.3; these are 
apparently random, but temperatures on successive days are clearly corre- 
lated. In this and many other examples, the correlation function is expected 
to depend only upon the difference in time between observations, so that 
the correlation function may be written in terms of a function C of a single 
variable: C(n1,n2) = C(n; — nz). A more complex example. involving a cor- 
related random function of two variables, is the height of the surface of the 
ocean on a windy day, illustrated in Figure 0.5. This section will show how 
a discrete model for such correlated random functions may be constructed, 
and will examine its correlation properties. 
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First, we consider a very simple case of a random function with correlations. 
Let M > 1 be an integer, and let f(n) be a realisation of the coin-tossing 
function discussed in Section 2.2. Now let g(m) be the average of the last M 
values of f(n), that is, 


a(n) = Fr UF ln) + (n= 1) + fln—2) ++ f(n +1 MO] 
=—> f(n+1-5). (2.49) 


The function g(n) is called a running average over the last M values of 
f(n). A realisation of g(n) is plotted in Figure 2,10. The values of g(n) 
and g(n+ 1) will be correlated, because they both contain the same random 
numbers f(n), f(nm—1),..., f(m+2—M). However, g(n) and g(n + 20M) 
(say) are not correlated, because the values of f(n) that contribute to g(n) 
are distinct from those that contribute to g(n+20M), We consider the 
correlation properties of g(n) in the following example. 


Example 2.4 

What is the correlation function C(nj,n2) for the random function defined 
by equation (2.49)? 

Solution 


The correlation function is C(n,.n2) = (g(m)g(n2)) — (g(mi))(g(n2)). We 
see immediately that (g(n)) = 0 for all n, because (f(m)) = 0 for all m. The 
correlation function is therefore 


C(m,n2) = (g(m1)g(n2)) 
MoM 


1 a 
= ye Ll +1 — Afra +1 -&) 
j=tk=1 
1 M M 
= Ppt de dnt t-jinat te (2.50) 
© g=lk=t 
The final step uses equation (2.4). The double summation therefore counts 
the number of common elements of the sets {ny,nj —1,.... my +1—M} 


and {n2,n2—1,...,n2+1—M}. The elements of these two sets are shown 
as bold marks in Figure 2.9, and the common elements are indicated by 
vertical lines. We see that the number of common elements is equal to M 
when n; = ng, and reduces by one every time |n; — ng| increases by one, 
until it becomes zero when |nj — n2| = M. It follows that 


M=|ny=na! = 
ACtmal for 0 < my —na| < M, (2.51) 


0. otherwise. 


C(ny,n2) = { 


2.8 A random function with correlations 


1 n Bot 


Figure 2.9 The correlations of the running average result from those values of n 
for which f(n) contributes to both g(n;) and g(ng): the values of f(n) 
contributing to each respective function are indicated by bold marks, and the 
common values are indicated by vertical lines. Here M = 6, ng —m, = 3, and 
there are M — |ny — ng| = 3 common values of n. 


a(n) 0.4 
ee 
0 7) 100 
20.2 n 
+0.4 


Figure 2.10 A realisation of the correlated random function g(n) defined in 
equation (2.49) as the running average of M values of a realisation of the 
coin-tossing function, where M=25 


Thus we have seen that taking a running average over the last M values 
of the coin-tossing function can be used as a correlated random function. 
A more general correlated discrete random function can be constructed as 
follows. Let w(n) be a weight function (note that, here, w(n) is never 
random), which approaches zero rapidly as |n| — oo, and let f(n) be a 
realisation of the coin-tossing function introduced in Section 2.2, with a 
correlation function given by equation (2.4). We define 
oo 
g(n) = D w(n —m)f(m), (2.52) 


m=—90 


which is a random function (because f(n) is random). The running average 
in equation (2.49) is a special case of this construction, where w(n) = 1/M 
for 0 <n < M —1, and w(n) = 0 otherwise. Equation (2.52) is a dis- 
crete convolution of the random function f(m) and the weight function 
w(n). In many applications w(n) would be non-zero for all n, for example 
a Gaussian function, w(n) = Aexp[—(n/r)?], or an exponential function, 
w(n) = Aexp(—|n|/r). Normally, it is desired that many values of f(m) 
make a significant contribution to the sum in equation (2.52), so r is chosen 
to be large compared to unity. 


Figure 2.11 shows a realisation of the function g(n) defined by equation (2.52) 
in the case where w is a Gaussian function, w(n) = exp{[—(n/2)]. The fune- 
tion values are unpredictable, but g(m ,) and g(n2) are correlated in that they 
tend to take nearby values, over a range of approximately {nj —ng| ~ 2r = 4. 
This random function is still defined only for integer values of the argu- 
ment n, but the function values g(n) are now real numbers. rather than in- 
tegers. The process of taking the discrete convolution with w(n) ‘smoothes 
out’ the highly erratic fluctuations of the coin-tossing function, so although 
g(n) is still a random function. it has a pleasingly ‘smooth’ dependence on n. 
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Discrete convolutions were 
mentioned in Block I, 
Chapter 3: see 

equation (3.47). 
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Figure 2.1! A realisation of the correlated random function g(n) defined in 
equation (2.52). The weight function is a Gaussian, w(n) = exp|—(n/2)?]. 


There are two respects in which equation (2.52) is more useful than equa- 
tion (2.49) as a model for a correlated random function. First, the form 
of the correlation function for the running average, equation (2.49), is pre- 
scribed, whereas different choices of w(n) enable the correlation function of 
g(n), given by equation (2.52), to be varied to match different applications. 
Secondly, for some choices of w(m), the function g(n) takes a continuous 
range of values, which is more natural when modelling many physical phe- 
nomena. 


Now we shall develop a theory for the correlation properties of the function 
g(n) defined in equation (2.52). The approach is to obtain statistics for g(n) 
in terms of the statistics for the coin-tossing function f(n). This will be 
done in the following exercise. 


Exercise 2.14 
For g(n) as given in equation (2.52), show that (g(n)) = 0. (Hint: Use equa- 


tion (1.44).] 
Show that the correlation function of g(n,) and g(nz2) is a function of ng — ny, given 
by 
~ 
C(n2 — m1) = (g(m1) g(n2)) = > w(ny —n2 +m) w(m). (2.53) 
m=—% 


(Hint: Start with the definition of the correlation function of g, i.e. C(ny,n2) = 
(g(ni)g(na)) — (a(m))(g(n2)), and express the function g in terms of the coin- 
tossing function f using equation (2.52). Now use equation (1.44) to write the 
average of the double sum as a sum of averages, obtaining a double sum over 
(f (m1) f(m2)). Finally, use the expression (2.4) for this correlation, reduce the 
double sum to a single summation, and make a change of variable.] 


Exercise 2.15 
Show that the correlation function C(n) obtained in Exercise 2.14 satisfies 


yY em) >o (2.54) 


n=—00 


(unless w(n) is identically zero for all n). 


2.9 Summary and discussion 


2.9 Summary and discussion 


Summary 


The important points from this chapter are listed below. 


e Random functions are important for modelling many situations. They 
may be described by their statistical properties: for example, a random 
function f(n) defined for integer n can be described by its mean (f(n)) 
and correlation function C(ni,n2) = (f(m1)f(n2)) — (f(m))(f(n2)). We 
introduced a very simple random function, the coin-tossing function, 
with simple statistics (f(n)) = 0 and C(nj.n2) = dpy,n2- 


e Other random functions can be obtained from the coin-tossing function 
{(n) by taking linear combinations of the values f(n). Two examples 
were considered: the random walk was introduced in Section 2.3, and 
the correlated random function in Section 2.8. The discrete random 
walk X(T) is a sum of T values of the coin-tossing function: X(T) = 

ae f(n). The correlated random function g(n) is a discrete convolu- 
tion of f(n) with a weight function w(n). These two types of random 
function have different properties and applications. 


e Acharacteristic property of random walks is that the variance of the dis- 
placement Var(X) is proportional to T, implying that the typical spread 
of the displacement (which could be defined as the standard deviation 
of X) is proportional to vT. 


e For large values of 7’, the probability distribution of a random walk is 
well approximated by a Gaussian function. Stirling's formula was used 
to establish this. 


e The probability distribution of a discrete random walk satisfies a recur- 
rence relation, which can be approximated by the diffusion equation. 
This indicates a close relationship between random walks and the phe- 
nomenon of diffusion. 


Discussion 


There are two important issues which are left for discussion in later chapters. 


e It was shown that the random walk is closely related to the diffusion 
equation, which is used to describe the apparently deterministic motion 
of dissolved materials and of heat. It is important to understand the 
relationship between the diffusion equation and the random walk. Be- 
fore this can be done, the diffusion equation itself must be understood, 
and the next two chapters will introduce this equation, and methods 
for its solution. Later chapters will show how diffusion, an apparently 
deterministic macroscopic process, arises from the random microscopic 
motion of molecules. 


e The random function and random walk were defined in this chapter only 
on a discrete space, the set of integers. For many physical applications, 
functions defined upon a continuum are required — in one dimension, this 
is the real line. Most of the properties that have been described above 
extend in a natural way to functions defined on the real line. Many 
applications of random functions defined as functions of a continuous 
variable are related to diffusion processes. It is therefore natural to defer 
discussion of these until after work on the diffusion equation. Later, in 
Chapter 6, we shall discuss random walks defined on the real line. 
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2.10 Outcomes 


In addition to being aware of the points listed in Section 2.9, after studying 

this chapter you should: 

e be able to calculate simple statistical properties for discrete random 
functions which are closely related to those already discussed in this 
chapter; 

e beable to formulate recurrence relations for the probability distributions 
of random walks, similar in form to equation (2.27); 

e be able to use Stirling’s formula to approximate expressions involving 
factorials. 


2.11 Further Exercises 


Here are two much harder exercises on the statistics of the simple random 
walk. They are tackled using the approach developed in Section 2.4. 


Exercise 2.16 


Consider the quantity (X(7\)X(T2)) for a simple random walk. (This is the mean 
value of the product of the position X(7}) at time T, and the position of the same 
realisation X(T) at time T>.) Show that (X(T,)X(T2)) = min(T\. 72), where 


Fi a, ash, " 
min(a,b) = (e ask ( 
Exercise 2.17 This is a very hard 
exercise. 
Show that for the simple random walk, 
(F (m1) F (na) f(ns)f(n4)) = ny ,nz5ng,n + Sny,n35n2na + On; sna Snains 
= 28,3 9n4 ng 5m nas (2.56) 
where f(n) is the coin-tossing function introduced in Section 2.2 which takes the 
values +1. Hence show that for the discrete random walk (2.13), we have Do not worry if you find 
i Ny _-, the worked solution 
(X°(7)) = 37° — 27. (2.57) difficult. The result is 


instructive, but not 
essential to understanding 
other parts of this chapter, 


Compare this with the result of Exercise 1.28, showing that there is agreement at 
leading order as T —+ 20 


2.11 Further Exercises 


The following exercise will guide you through the calculation to obtain equa- 
tion (2.41) from equation (2.39). 


Exercise 2.18 
Writing « = X/T and using the Taylor series (2.40), show that 


(7*) u(4*) = Fate ae) +i +9] 
= 56(5) + $ [(F) + yl € 


+ Zé +O(e). (2.58) 


An analogous expression for the term in equation (2.39) containing T — X is ob- 
tained by changing the sign of e. Substitute these expressions into equation (2.39) 
to obtain 


InfP(X,T)] = bn| a ~ fe 
4 De, 2 
= 4n(557) a5 8 3In(1—e*). (2.59) 


Now use equation (2.40), with \ replaced by —e?, to show that the final term of 
equation (2.59) may be approximated by /2. When T > 1, this term is negligible 
compared to the term —Te?/2 of equation (2.59), leading to equation (2.41). 
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Solutions to Exercises in Chapter 2 


Solution 2.1 


The possible values of f(n) are {1,2,3,4,5,6}, each occurring with probability 4. 
The mean value is 


(f(n)) = 0 i= (14+24+3+44+45 +6)/6 = 21/6 =7/2. 


When n; # no, the random variables f(n;) and f(ng) are independent, so 
(f (m1) F(a) = (7/2)? = 49/4. 
When nj = nz, we have 
(f(r) f(n2)) = (Fn) *) =O Pe? = (1+ 449+ 16 +25 + 36)/6 = 91/6. 
i 
The correlation function C(n,.n2) is equal to zero when n, # nz, because f(m)) 


and f(ng) are independent. (This can be checked by calculating C(n),n2) = 
(f(m1)F(na)) — (F(my))(f(n2)) directly, from the results above.) 


When 1, = ng = n, we have 
O(n,n) = ([F(n)]?) — (f(r)? = 91/6 — (7/2)? = 35/12. 
The required statistics are therefore 
(f(n)) = 3, 
(f(a) f(n2)) = 2 + Bon, nas 


C(m,n2) = Bon, no 


Solution 2.2 


No solution is given, because there are many possible outcomes. 


Solution 2.3 


For diffusive motion, the typical displacement is proportional to the square root of 
the time. The number of seconds in one week is 60 x 60 x 24 x 7 = 604800, For 
the random walk, the typical displacement is therefore ¥604 800 mm ~ 778 mm = 
0,778 m. 


For constant velocity 1mms*', the distance travelled in one week is 604800mm ~ 
605 m, 
Solution 2.4 


Following the same approach as in Example 2.3, we define a random function f(n) 
which takes the value +1 with probability p, or —1 with probability 1—p. The 
statistics of this random function were given in Example 2.1: 

(f(n)) =2p-1 
and 


2p—1)2, fo E 
(Fer) f(ra)) = { 1)?, for ny # ne, 


for ny =n. 
Calculating the statistics of X(T) using the approach of Example 2.3 gives 
(X(T)) = (2p-1)T, 
({X(T)P) = (1? — T)(2p — 1) +T, 
Var(X) = (T? — T)(2p — 1)? + T —T?(2p—1)? 
=[1-(2p-1)]7 
= 4p(1 — p)T. 


Solutions to Exercises in Chapter 2 


Again, the variance is proportional to T, so this process is a random walk, now with 
diffusion constant D = 2p(1—>p). Also, the mean displacement is proportional to T, 
and the drift velocity is v = 2p — 1. These results agree with those for the simple 
random walk when p= 5 


Solution 2.5 
The non-zero entries in the row for T = 5 are 
P(-5,5) = $P(—4,4) = 35, 
P(-3,5) = 3[P(—4,4) + P(-2.4)] = (jg + 4) = 
Pf 


P(-1,5) = 3[P(—2,4) ee 4)) = 3 
and by symmetry ete #8, P(3,5) = hal P(5,5) = #- 
For T=6: P(-6,6) = he PE —4,6) = &. P(-2.6) = #3, P(0,6) = 24, and for 


positive X we can again ne the Pe rahaaee P( X,T) = P(—X,T). 


As a further check, the entries in each row should add up to one. 


Solution 2.6 
The numbers in the next row are 1, 6, 15, 20, 15, 6, 1. 


Also, (1 +2) = 1+ 6x + 15x? + 2023 + 1524 + 6° + x°, so the coefficients of 2” 
are the elements of the seventh row of Pascal's triangle, as expected. 


Solution 2.7 
We demonstrate that the binomial coefficients satisfy the recurrence relation: 
Ce ie ae me See 7 
= Fah len) +41 
= aun =, 


Now we apply this result to the proposed solution of the recurrence relation for 
P(X,T): 
4 [P(X -1,7-1)+ P(X +1,T-1)] 
Lf. ar 1 of 
9 (waren 147-1)/2 + FP Cixtier—1)/2 
u 
es 


I 1 
[z= 7 Clxenya—1 + ST aT 1 Ofte 
T=. 
= * [hei 1+ Chetry, | 


1 or 
= pr Cix+ry2 
= P(X, 2), 
where the penultimate equality follows directly from the first part of the question. 


Solution 2.8 
Following the same reasoning as was used to derive equation (2.27), the equation is 
P(X,T) =p P(X —1,T —1) + (1-—p) P(X +1,T - 1). 
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Solution 2.9 


Using the approximate distribution (2.32), the second moment of X is 
. 2 
X?) ~ S~ Papp(X.T) X? = ——= S~ X? exp(—X?/27), 
(x?) Ss po(X.T) Tate p(—X?/27) 


where the sum is over integer values of X with the same parity (odd or even) as T. 
A summation may be approximated by an integral. as 


b 
Dirsinde) = f dee f(x), 


where the sum is over all values of n such that a <néx <b. This is a good 
approximation when 6z is small relative to the scale over which the function f(z) 
changes. 


When T is large, the function P,yp(X,T) varies very slowly as a function of X. We 
set da = 2 in the above expression, because adjacent values of X differ by two. The 
stummation is then approximated by an integral, divided by dx = 2; 


xn 21 f* 
(X02 if dX X? exp(—X?/2T) 
Ee 
or 


“ 20 
= —== (27)? i duu? exp(—u*) = — hh =T, The integral Jz is discussed 
v2aT nse ve in Section 1.3. 


where the substitution u = X/V2T was used to get from the first integral to the 
second, The final result is identical to the exact one given by equation (2.17). 
Solution 2.10 


By Stirling's formula, In(6!) = 6.5653 ..., so 6! ~ 710. The correct value is 6! = 720. 
The relative error is 10/720 ~ 0.014. 


Similarly, Stirling's formula gives In(8!) = 10.5941... and In(10!) = 15,0960... giv- 
ing the approximate values 8! ~ 39902 and 10! ~ 3.5987 x 10°. The exact values 
are 8! = 40320 and 10! = 3628 800, so the relative errors are approximately 0.010 
and 0.008, respectively. 


The relative error is seen to decrease as N increases. 
Solution 2.11 

By inspection, 

d 

al In(x) — x] = In(zx), 

so the indefinite integral of In(2) is x In(a) — x. 


Solution 2.12 


After applying Stirling’s formula, and ignoring the error terms. the first line of 
equation (2.39) becomes 


In[P(X,T)] = Tin(T) — T + En(2nT) — Tn(2) 


2 (74%) n(*) ef (*) ~ Linfa(T +X) 
- (5 *) n(7*) +() —}infa(T - X)), 


which can be rearranged to give the final line. 
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Solution 2.13 
Using the trial solution Papp(X,7) = 2exp(—X?/2T)/V2xT, we have 


DRioncae Pe} x < 

ax (X27) =F Tae = —pPave(X,T). 

ee Bee Ue ae! 

ite (x, T) = [= - | Papp(X,T)- 

OPapp Spee anes 1 

or (T= yp Sant * PT) =5 RT Popp(XsT). 


It follows that this trial solution satisfies 
OP opp _ 1 2 Papp 
or 2: 0x2" 
which is the diffusion equation with D = }. 


Solution 2.14 


The function f(n) has the statistics (f(n)) =0 and (f(m,)f(n2)) = Sn,.nz- The 
mean value of the function g(n) is 


(g(n)) -( Sy winm) sm) = ¥ w(n-m)(f(m)) =0. 


m=—6 m=—0 


(Note that the w(m) are fixed numbers, not random variables, so (w(n —m) f(m)) = 
w(n —m) (f(m)).) The correlation function C(ny.n2) of g(n) is 


window) = ( SOE won a ma) sm) 0) ) 


mj=—o0 ma=—96 


= SS by w(ny — my) w(ng — me) (f (m1) f(me2)) 


my=—20 mg=—90 


iar 
YY} wl =m) w(m2 = ma) bin ms 


my=—o0 m3=—90 
= 


= Se w(ny — my) w(ng — m,) 
Ears In the last line, the 
summation variable was 
= DS w(m1 — ng +m) w(m). changed to m= ng —m. 
m=—>6 


Note that this is a function of the difference nj — ng. rather than of ny and ng 
separately, so the correlation function depends upon only one variable and can be 
written as C(ng — m1). 

Solution 2.15 

The sum of the values of the correlation function from the previous exercise is 


S= Se C(n) 


n=—00 


SF wim-ndetm) 


n==09 m=—00 


wim) > w(k) 


oe 


i} 
M 


m=—e k==00 In the penultimate line, 
ES 2 the substitution m —n =k 
= Se w(n)} >0, was used. 
n=—20 


where equality to zero holds only if w(n) = 0 for all n. 
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Solution 2.16 
Assume that T; <7. Then 


TN Tz 
(X(Ti)X (12) = (= fim) > fiv)) 


= ¥ (Fe) F(m)) 
Ty ‘Te un 

= Se Once = ae 
n=l n=) n= 


Swapping the names of the symbols T; and T2, we conclude that if T; < T, then this 
statistic is equal to T>. It follows that (X(T;)X(T2)) = min(T;,T2), as required. 
Note that the summation over nz is equal to unity only if m, is contained in the 
set of integers {1,2....,72}, so if we had not assumed that 7, < Tz, the final line 
would have been incorrect. 


Alternatively, consider Figure 2.12, where Tz < 7), which shows that there are only 
Ty non-zero values in the double sum. 


qT n 


Figure 2.12 Diagram showing values of (n;,n2) contributing to the double sum in 
Exercise 2.16 when Tz < T,. The T2 non-zero values of (f(n1)f(n2)) are shown as 
black squares. 


Solution 2.17 


When the numbers n;,n2,n3,n4 are all different, the random numbers f(n;), f(n2), 
J (ng) and f(n4) are independent, and the mean value (f(n;)f(m2)f(n3)f(m4)) can 
be written as a product of four factors, each of which is zero. Similarly, if only 
two or three of these numbers are the same, the mean value with respect to the 
remaining number or numbers is equal to zero. The only possibility for the mean 
value being non-zero is if the numbers are equal in pairs: the three possible pairings 
are ny = Ng, Ng = Ny or ny = Ng, Nz = Ny OF N; = Ny, N2 = ny. Considering one of 
these cases (nj = n3, N2 = ny, say), we obtain 


([f(ma)]*[f(m2))?) = (1 x 1) = 1. 


In the case where nj = ng = ny = ny = n, we have ([f(n)]*) = 1, because [f(n)]* 
is always unity. Thus the mean value (f(n1)f(n2)f(ng3)f(n4)) is equal to unity if 
the arguments are equal in pairs, and is zero otherwise. This conclusion may be 
expressed by writing 


(F(a) F(m2) (m3) F(M4)) = Fn.n25ns.na + FnrnsOnains + Onna Sna.ns 
= 28ns,n25ni.ns9ni.ne- 
The first three of the right-hand-side factors are unity when the arguments are 


paired, and zero otherwise. The final term is non-zero only when all arguments are 
equal, and in this case ([f(n)|*) = 1+1+1—2=1, as required. 


Solutions to Exercises in Chapter 2 


Given this result, we have 
Bee 


T 
(x@y)= SS SOY SY Kesey sF(ns) s(n) 


n=l ng=l ng=l m=] 


T T = Tr. 
=D3 3 0S See eee 
ny=1 ng=l ng=l n=l A 
er =P madi inte un) 
r 
<4 Stes Se 521 yi-2y1 
nmy=l ng=l m=l n=l m=] ng=! n=l 
=7? +7? +T? -27 
= 37? —27: 


When studying Gaussian distributions, we found that (x) = 3[(x*)]?. For the See Exercise 1.28. 


simple random walk, we have (X*) = T, so if the distribution has a Gaussian 
probability density, we would expect (X*) = 3T?_ This is equivalent to the exact 
result at leading order in T. 


Solution 2.18 
Setting « = X/T, we have 


(7*)u(74*)- 


sia +0) 
=Fa+e (oF ) +ma +o] 


T ig Rey (203 Te 
In )+ Fina e+ [Fin(Z)) e+ Sma +0 
— rd 4 


Similarly, by changing the sign 


ora a 


Sema is Tea.oe 
=Fm(5) y [t+m(Z)]e+ Fe + Ofe’). 


Substituting these results into equation (2.39) gives 


In[P(X,T)] ~ TIn(T) — (F (5) os cs [ +m(3)| e+ te) 


- (5 (5) - z [ +m(3)| e+ te) —TIn(2) 


2 
+l ayaa = 
~Tn(T) — rin($) —Tin(2) — @ + yn 


aT(1— al i 
We therefore have 


In[P(X, T~-Fe+ 4n(S 7) — gina ~ 2). 


Now using equation (2.40), In(1 — €) is approximated by —e?, giving 


In[P(X,T)] ~ su (3) 5 (G- 
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When T > 1, 
2 
F ~l a Sis 
In[P(X,T)] = 5 (3) 


which is equation (2.41). 


CHAPTER 3 
The diffusion equation 


3.1 Introduction 


In this chapter we shall explain a derivation of the diffusion equation, as 
a description both of the process of diffusion of dissolved materials, and of 
changes in temperature due to the flow of heat. The derivation is based upon 
a plausible assumption, which is known as Fick’s law (for particle diffusion) 
or Fourier’s law (for the flow of heat). A more fundamental de: 
upon a random walk model for the motion of molecules, will be considered 
in Chapter 6. Before introducing the physical concepts which lead to the 
diffusion equation, we shall discuss the mathematical form of this equation. 


vation, based 


The diffusion equation is a linear partial differential equation. The one- 
dimensional form of the diffusion equation has already been introduced in 
Chapter 2, where it appears as equation (2.43). It is reproduced below with 
a slightly different notation: 

OF pat (3.1) 

Oe (Oa? : 

Here D is a positive constant known as the diffusion constant. A function 
f(a,t) must be determined which satisfies this equation. As it stands, the 
equation does not have a unique solution. Additional information, in the 
form of conditions which must be satisfied by the function f(a, t), is deter- 
mined by the system that the equation is used to model. These additional 
conditions are usually termed initial data and boundary conditions, and will 
be discussed in detail in Chapter 4. 


The function f(x,t) and the variables z and ¢ may represent various quan- 
tities in different contexts. When the equation is used to describe diffusion, 
f represents a probability density or a concentration of particles (which will 
be described shortly). The variable x usually represents a Cartesian coor- 
dinate for the position of a point in space, but diffusion can occur in more 
abstract spaces: for example, in applications to financial mathemati C 
could represent the value of a commodity. The variable ¢ almost always 
represents time. When the equation is used to describe the flow of heat, 
f represents the temperature at position x and time t. In this context the 
diffusion equation is known as the heat equation. 


In three dimensions, the diffusion equation takes the form 


of 
= =DV’s, 3.2 
OE f (3.2) 
where f depends upon position r = (x,y, z) and time t, and where the 
Laplacian operator. Its action on a function f(x,y. z) is defined by 
Fk Of 
Wap oe ee (3.3) 


ay? 


V? is pronounced ‘nabla 
squared’. 
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In some texts, the Laplacian of f is written Af, rather than V2f. The symbol 
A will be used for another purpose in this chapter. The Laplacian operator A is the upper case Greek 
was introduced earlier, in Chapter 2 of Block 0. ‘delta’. 


Exercise 3.1 

Calculate Vf for each of the following functions. 
(a) f(xy, 2) 
(b) f(w.2 


(c) f(r) =1/r, where r = |r| = 2? + y? + 2. 
(Do not consider the point where r = 0, where f is not differentiable.) 


x+y? +27 


-y 


Part (c) requires a fair amount of algebra to arrive at a very simple result. 
A more insightful route to the same conclusion will be considered later, in 
Exercise 3.17. 


Exercise 3.2 


(a) Based upon Equations (3.1) and (3.2), guess the form of the diffusion equation 
in two dimensions, with coordinates (x,y) and diffusion constant D. 


(b) Find a solution of the two-dimensional diffusion equation in the form p(x, y,t) = 
A(t) exp[—G(2? + y*)/t], where the constant 3 is to be determined. What is 
the form of the function A(t)? 


(Hint: Substitute this expression into the diffusion equation, and group terms 
which have the same dependence on position. You will find a relation between 
Band D, and a differential equation for A(t).) 


‘This part of the exercise will develop your facility with partial differentiation 
and simple ordinary differential equations. The solution to Exercise 3.24 will 
discuss a more direct alternative approach. 


Having described the mathematical form of the diffusion equation, most of 
the remainder of the chapter will consider how it arises in a physical context. 
This requires introducing a sequence of concepts: concentration, flux, flux 
density, and the continuity equation. Having discussed these concepts, we 
then introduce Fick’s law, and use it to derive the diffusion equation. 


3.2 Diffusion 


Scientific enquiry has demonstrated that all materials are made up of very 
small particles called atoms or molecules. (Molecules are clusters of atoms 
tightly bound together by ‘chemical bonds’, but the distinction between 
atoms and molecules is not important for understanding the mathematical 
content of what follows.) These particles are so small that they are invisible, 
even using a microscope. Any piece of material that you can see with the 
naked eye therefore contains enormous numbers of particles; for example, a 
glass of water contains (very roughly) 10? water molecules. 


Even in a material where there is no detectable motion to the naked eye. 
the molecules are always in motion. The motion of the molecules in liquids 
and gasses (illustrated in the previous chapter in Figure 2.4) is apparently 


3.2 Diffusion 


random, in all possible directions, and with varying speeds (typically hun- 
dreds of metres per second, for materials at room temperature). Atoms in 
solids are also constantly in motion, but they vibrate about fixed positions. 


Our everyday experience is that objects do not remain forever in motion, but 
lose energy due to the effects of friction. When two atoms collide, however, 
it is now accepted that the total kinetic energy is ‘conserved’, meaning that 
the total kinetic energy after the collision is the same as before. Because 
no energy is lost when atoms collide, the collisions do not result in the 
atoms slowing down. It is natural to ask why atoms are unaffected by 
friction, whereas macroscopic (larger scale) objects are subject to friction. 
The explanation follows from the fact that energy which is apparently lost 
into friction is the result of the kinetic energy of a large body being converted 
into the apparently random motions of many atoms. In the case of atoms. 
there are no smaller constituents into which their kinetic energy can be 
distributed, so that collisions between atoms involve no loss of energy. 


The rapid motion of atoms or molecules is described as happening on a 
microscopic scale, even though it cannot be observed directly even with the 
most powerful optical microscope. (The distance between the molecules in 
a liquid might be 10~° m or less, whereas a microscope using visible light 
does not allow us to distinguish objects much less than 107° m across.) 


Although the microscopic motion of atoms cannot be seen directly, it gives 
rise to phenomena that are observable on a larger (‘macroscopic’) scale. 
Diffusion is one such phenomenon: it causes mixing of different types of 
atoms or molecules. Figure 3.1 illustrates a process of diffusion, One layer 
of liquid (clear) is placed on top of another layer (dark). After a while, 
the boundary between these layers is no longer distinct. The explanation is 
that some of the molecules in the coloured liquid have migrated up into the 
clear layer, and conversely some molecules from the clear layer have moved 
downwards. This mixing occurs as a result of the microscopic motion of the 
molecules. 


Clear water on top After diffusion has 
of dyed water occurred for several hours 


Figure 3.1 Diffusion of one liquid into another 


Mixing of fluids can involve processes other than diffusion. Mixing by diffusion 
occurs when there is no detectable flow of the fluid. If the fluids are stirred, 
they flow in a complex way that greatly enhances the mixing. 


Another way of mixing fluids is by thermal convection in which temperature 
differences create differences in density, and the less dense fluid flows to the 
surface. In most fluids, density decreases as temperature increases, so if a fluid 
is heated from below, the warm fluid rises away from the source of heat. This 
causes a mixing process, called thermal convection. Where flow of the fluid 
is present, this normally mixes substances far more effectively than diffusion 
alone. 


If you want to try the experiment illustrated in Figure 3.1 yourself, you must 
make sure that the dyed and clear water do not mix by thermal convection: 
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keep the beaker on a cold surface, such as a stone floor, in order to avoid this. 
A method for observing diffusion by a simple experiment that you can try at 
home is discussed in the Appendix to this chapter. 


Diffusion occurs in gases as well as liquids. Sometimes it is claimed that when 
a bottle of perfume is opened on one side of a room, the smell reaches the other 
side by a process of diffusion. This is possible in principle, but in practice it 
applies only in rooms where the air is unusually still. The scent is usually carried 
by imperceptible air currents, set up by thermal convection, which distribute 
the scent more rapidly than by diffusion alone. 


Trying to calculate the motion of individual molecules is usually an im- 
practical approach, and statistical methods must be used to understand the 
diffusion process fully. The statistical description of microscopic motion will 
be considered in Chapter 6. This chapter considers only a macroscopic de- 
scription of diffusion, based upon a natural assumption about the diffusion 
process which is called Fick's law. In order to discuss this law, we must first 
introduce the concepts of concentration and flux density. 


3.3 Concentration and flux density 


When describing diffusion we need some measure of the quantity of a sub- 
stance which is present at some point at a given time. This is the concen- 
tration, denoted by c, which is a function of position r and time t. We also 
need a measure of the flow of material. This is the flur density J; it is a 
vector quantity, because the flow of material has a direction, and is also a 
function of r and ¢. 


The concentration and the flux density are most easily defined for situations 
where the system is homogeneous, meaning that the distribution of particles 
is expected to be equivalent at all points in space, so that ¢ and J are 
independent of the position 7. In each case that we consider, the definitions 
of both ¢ and J will be given for a homogeneous system in the first instance. 
before considering the more difficult general situation. 


3.3.1 Concentration 


Let us consider first the concentration, ¢. In the case where a fluid is mixed 
(for example, by stirring it) so that it becomes homogeneous, the concen- 
tration of a particular type of atom (or molecule, or other particle) in the 
fluid is simply the ratio of the number of atoms N to the volume of fluid V, 


Sea (3.4) 


In the case where the system is not homogeneous, the concentration c(r, t) 
at position r and time t may be defined as follows. Consider a small element 
of volume AV, with its centre at r. The number of molecules of a particular 
type in this region is AN(r.t) at time ¢. The concentration is defined as 


AN(r,t) 
Avy 


The concentration as defined by equation (3.5) depends upon the choice of 
AV. Clearly AV should be small if c(r,t) is to faithfully represent what 
is happening at position r (see Figure 3.2). It is tempting to define c(r,t) 


e(r,t) = (3.5) 
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in terms of the limit of AN/AV as AV — 0, but that limit would be zero 
for most points in space, because almost all points do not coincide with the 
position of a particle. In practice. it is sufficient to choose an extremely 
small volume AV, and the number of particles contained in this volume will 
still be very large: the numbers of atoms in even the tiniest speck of material 
visible to the naked eye are extremely large. The value of the concentration 
will be, for all practical purposes, independent of the choice of AV, provided 
that AV is neither too large nor too small. 


The shape of the volume element is not important, provided that it is not 
highly elongated in any direction. It could be taken to be a sphere or a cube, 
for example. 


Throughout this chapter, the symbols 5 and A (lower and upper case Greek 
‘delta’) will be used to indicate small amounts of some quantity. Thus V stands 
for volume and AV indicates a small volume, and dt indicates a small time. 
Sometimes, there will be two distinct small quantities considered, so that (for 
example) 5N and AN may represent two different small numbers of particles 
in the same calculation. 


When we discuss numbers of particles, the quantity AN is small only in the 
sense that it is much smaller than the total number of particles N. It will 
become clear shortly that the volume element AV should be sufficiently large 
that AN > 1. 


Exercise 3.3 


(This exercise is to check your understanding of the concept of concentration: no 
calculation is required.) 


What is the appropriate definition of concentration in one and two dimensions? 


Atlases often contain data on population densities; for example, in 1983 Hong Kong 
had a population density of 5300 per square kilometre, and the United Kingdom had 
a population density of 230 per square kilometre. How is this concept of population 
density related to concentration? 


The definition of concentration is illustrated (in the two-dimensional case) 
in Figure 3.2. 


Figure 3.2 Illustrating the definition of concentration. In this two-dimensional 
example, the concentration at a point r is defined as the number of particles 
inside a disk centred at r, divided by the area of the disk. The concentration of 
particles at 7; is higher than that at r2. 


It is useful to be able to express the total number of particles inside a 
volume V in terms of the concentration. If the system is homogeneous, 
equation (3.4) implies that the number of particles is N = cV. Let us con- 
sider how this expression must be modified when c is not uniform across 
the volume. We can divide the volume up into small elements, labelled by 
i=1,...,M, each element i having volume AV;. The number of particles 
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AN; within element i is approximately c;AVj, where c¢; is the concentration 

at the centre of that element. The total number of particles is then 
M M 

N=) AN = )oaAv. (3.6) 

= i=l 

If the concentration is a known function of position, we can make the volume 

elements shrink in size, while still covering the volume V. The integral over 

a volume is defined in terms of such a limit, so the number of particles 

inside V at time ¢ is given by the volume integral (as defined in Chapter 2 

of Block 0): 


N= - dV (r,t). (3.7) 


Exercise 3.4 


Suppose that the concentration of particles in a one-dimensional region between 
«=0and «= Lis 
e(a,t) = co +e cos(mr/L) exp(—at), 


where co, ¢; and @ are constants. Calculate the total number of particles N(a) 
between 2 = 0 and x =a (where a < L). Verify that N(a) is independent of time 
when a= L. 


3.3.2 Molar concentration 


Because the numbers of atoms in macroscopic objects are extremely large, 
it is convenient to quote numbers of atoms or molecules relative to a large 
number, the mol (pronounced ‘mole’). 


In most of the exercises, quantities will be represented by symbols which will 
not be converted into numbers, but in many practical applications scientists 
use molar concentrations, so it is important to be familiar with the concept. 


Exercise 3.5 


If 10° molecules of methanol are disolved in 500ml of water and stirred until the 
solution becomes homogeneous, what is the concentration of methanol in the water? 
Express the answer as the number of molecules per cubic metre, and as the number 
of mols per litre. [Hint: 1m* = 10*1, 


The number used in the definition of the mol is known as Avogadro's number, 
Na ~ 6.022 x 1073. You might well wonder why such an awkward number is 
used. The definition of the mol is related to the mass of a carbon-12 atom. 
The mol is defined by the statement that 1 mol of carbon-12 atoms has a 
mass of 12g. You need not remember the definition of the mol, but should 
be aware of its existence. The weights of atoms and molecules relative to 
carbon-12 can be found from chemical tables. and the molar quantity of a 
substance is easily obtained from its weight. 


Chapter 3. The diffusion equation 


One mol is (approximately) 
equal to 6.022045 x 1074, 
Thus, for example, 

0.034 mol ~ 2.047 x 107. 


The original intention had 
been to define the mol as 
the number of atoms in 
one gram of hydrogen, but. 
for technical reasons it is 
easier to count carbon 
atoms. 


Like other chemical 
elements, carbon atoms 
occur as different isotopes, 
having different mass: 

most carbon atoms in 
nature are of the carbon-12 


type. 
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Exercise 3.6 


The concentration of a substance can also be expressed as a mass per unit volume, 
that is, as a density. The air in a room might contain carbon dioxide at a concen- 
tration of 250zg1-' (250 micrograms per litre), and carbon monoxide at 2 g17'. 
Each carbon dioxide molecule has mass 7.31 x 10~?°kg and each carbon monox- 
ide molecule has mass 4.65 x 107*6kg. Express these concentrations in terms of 
numbers of particles per cubic metre. 


To summarise: in practical applications, a concentration may be quoted as 
the number of particles per unit volume, as mols per unit volume, or as mass 
per unit volume. 


3.3.3 Flux and flux density 


Having defined the concentration, our objective will be to describe its vari- 
ation in time and space by means of a partial differential equation, the 
diffusion equation. This equation will be derived by considering the rate at 
which particles enter or leave a small volume element. This rate is described 
using a quantity known as the flux density: this will be defined as a scalar 
quantity J, then this will be generalised so that it is described by a vector 
J. 


First, a flux ® of particles will be defined, associated with a given surface, 
and this will then be used to define the flux density. The flux is the number 
of particles passing through the surface per unit time. (The surface need not 
be a physical barrier, just a mathematical construct, having no influence on 
the motion of the particles.) If n particles pass through the surface in time 
t, the flux is 

b= *. (3.8) 
This formula is appropriate when the flow is steady, that is, if the flow does 
not vary with time. Later, we shall give expressions that are valid when the 
flow is changing, so that © is a function of time. 


The definition of flux requires us to distinguish the two sides of the surface: 
if the two sides are labelled A and B, say, we consider n to be the net number 
of particles passing from side A to side B, that is, the number passing from 
A to B, minus the number passing from B to A. 


The flux density quantifies how rapidly particles cross a given surface, in 
terms of the rate of flow per unit area. In the case of a homogeneous fluid 
moving across a flat surface of area A at uniform velocity, the flux density 
is independent of position and time, and is defined as 


© 
I= =. : 
qa (3.9) 
‘The definitions of flux and flux density for a steady homogeneous flow are 


illustrated in Figure 3.3. 
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n particles cross in time ¢ 


area A 


Figure 3.3 Illustrating the definition of flux and flux density for a steady 
homogeneous flow. If n particles pass through this surface in time ¢, the flux is 
&=n/t. If the area of the surface is A, the flux density is J = /A. 


Exercise 3.7 


A net is placed across a river. so that it catches all of the fish swimming along 
it. If 600 fish are caught in one day, what is the flux of fis If the river is 5m 
wide, and the water is 1 m deep, what is the flux density of fi (Assume a steady 
homogeneous flow.) 


Exercise 3.8 


During a hailstorm lasting 5 minutes, 100 g of hailstones are collected from a circular 
pan with a diameter of 20cm. Some hailstones are weighed, and their average weight 
is found to be 0.05g. Estimate the average flux density of hailstones across any 
horizontal surface during this storm. (Calculate your answer in the appropriate SI 
unit.) 


In general, the flux density is defined to be a function of position r and 
time t. At position r, we place a small flat or nearly flat surface element 
of area AA. The normal to this surface is a vector n of unit length which 
is perpendicular to this surface. The surface has two sides, A and B say, 
and we distinguish these by saying that the vector n points from side A 
towards side B. Between time t and time ¢ + dt, the particles crossing this 
surface are observed and counted. The number of particles crossing in the 
direction from A to B minus the number crossing in the opposite direction is 
dn (see Figure 3.4). The flux of particles through this small surface element 
is A® = 6n/6t. 


The scalar flux density J of particles in the direction of n is the ratio of the 
small flux A® to the small area AA: 
Adin 

AA MASE 

This quantity depends upon the choice of AA and ét. However, when the 
number of particles involved is very large. for a wide range of small values of 
AA and 6t the value of J(n, r,t) will be almost independent of the values of 
these quantities. It is also possible to conceive of very irregular flows where 
J is not well-defined, but we shall not consider these cases. 


J(n,r,t} = (3.10) 


3.3 Concentration and flux density 


dn=JAn, r,t) AA St 


Figure 3.4 Illustrating the definition of flux density: dn is the net number of 
particles passing through the surface element in time dt 


Now we consider how the vector flux density J = Jji + Joj + J3k is defined 
at position r and time ¢. There will be a particular choice of unit vector n 
for which the scalar flux density J will be a maximum (for given values of 
AA and ét), which will be called nyax- A vector-valued flux density J is 
defined so that 


J = J(Mmax, 7; t) Nmaxs (3.11) 


that is, it points in the direction of the greatest flux density at position r 
and time ¢, and its magnitude, Jmax. is equal to the flux density in that 
direction. We shall see in the next subsection that J enables us to calculate 
the flux through an arbitrary surface element located at position r. 


3.3.4 Relating flux to the vector flux density 


Having defined the vector flux density J, we now consider how the flux 
across a surface may be expressed in terms of J. We start by discussing the 
flux across a small surface element of area AA, and proceed to considering 
the flux across an arbitrary surface. 


Consider the flux A® across a small element of area of size MA, with n 
being the unit vector normal to the surface. It will now be shown that if 
the angle between the normal vector n and the vector Max is @, the flux 
is J = Jinx cos@. For simplicity, we first consider the case where all of the 
particles are moving in the same direction (which coincides with the direction 
of the vector Mmax)- In Figure 3.5 the area AA is crossed by the same 
number of particles per unit time as A Ap. where AAp is a surface element 
perpendicular to Mynx. The flux A® through AA is therefore the same as 
that through A Apo, but the flux densities J = A®/AA and Jmax = A®/AAo 
are different. The ratio of areas is AAg/AA = cos@, and 


J _ AAp 
Jax AA’ 


(3.12) 


J ST 0080 = Imus ocx 2 10 = st. (3.13) 


Equation (3.13) relies upon the definition of the scalar product a+b of two 
vectors a and b. If the angle between the directions of these vectors is 6, and 
their magnitudes are a and b, respectively, the scalar product is defined to be 
equal to abcos@, SO N+ Nmax = cos 4. 
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See Block 0, Section 2.3.1. 
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Figure 3.5 The flux passing through the two elements with areas AA and AAp is 
the same 


Let us see how the flux A® = JAA can be expressed more elegantly in vector 
notation. We can introduce a vector surface element of area, AA =n AA, 
associated with a surface element of area AA with normal vector n. The 
flux crossing the surface may then be written as A® = (J + n)AA, that is, 


Ab=J-AA. (3.14) 


This is a simple and general expression for the flux through a small surface 
element of area AA: this equation, and its integrated form equation (3.18). 
are the principal results of this subsection. 


Let us consider how this general formula applies to the example shown in 
Figure 3.5. The vector AAp associated with the element of area AAp is 
in the same direction as the vector J. When the normal to the surface is 
aligned with the direction of the vector flux density, the scalar flux density 
takes its maximum value Jmax, So equation (3.14) gives A® = Jiyax AAp. 
The vector AA associated with the element of area AA is at an angle @ to 
the direction of J, so A® = Jax Minax * MAA = Imax AAcosd = JAA, 


In the case where the particles do not all move with the same velocity, equation 
(3.14) remains valid. This may be understood by considering the case where 
the particles move with M different velocities, which are labelled by an integer 
index taking values k = 1, M. The particles with the velocity labelled 
by k give rise to a flux density J;. Each of these gives a separate additive 
contribution to the flux A®; 


M 
Ab= SO I- AA. (3.15) 
k=l 
This equation may also be written in the form Ad = J+ AA, which is equal 
to equation (3.14), if the total flux density J is given by 


M 
T= Is. (3.16) 
k=l 


Any continuous distribution of velocities may be approached by taking the limit 
as M — oo, so equation (3.14) is valid in the general case. 


Having obtained a general expression for the flux across an element of area 
in the form A® = J- AA, we now consider how to obtain the flux across 
a general surface. We divide this surface S into a large number of small 
vector elements AAj, labelled by an index i= 1,..., M. (See Figure 3.6, 
and note that the significance of the subscript label and its upper limit M 
are different from those in equation (3.16).) 


3.3 Concentration and flux density 


AA J flux 


A= JAA, 


surface S 


Figure 3.6 The flux across a surface S may be expressed as the sum of 
contributions A®; from small vector elements A.A; 


The flux A®, across the vector element AA; is approximately J; + AAj, 
where J; is the flux density evaluated at the centre of this element. The 
total flux is 
M M 
B=) AG~ Ii AA. (3.17) 
i=l i=1 


The accuracy of this approximation improves as we make the size of the 
elements 4A; smaller (within the limits set by the discreteness of the parti- 
cles discussed in Subsection 3.3.1, which we do not consider further). In the 
limit where the size of the elements A.A; tends to zero, this sum becomes a 
surface integral, as discussed in Chapter 2 of Block 0. The flux is then given 
by 


>= uh dA- J. (3.18) 


3.3.5 Defining flux density in one dimension 


Sometimes we shall consider one-dimensional situations, so it will be helpful 
to consider the definition of flux density in one dimension. 


In one dimension it is possible to define the flux ® as the number of particles 
per unit time passing a given point. There is no area perpendicular to the 
direction of flow, so it is not possible to define a true flux density. However, 
it will be convenient to use the symbol J for the flux in one-dimensional 
problems, and this will be referred to as the flux density. The motivation 
for choosing this notation and terminology is that it makes the form of the 
continuity equation (which will be introduced in the next section) equivalent 
in one, two and three dimensions. 


In one dimension, the flux density J is therefore defined as follows. Let én 
be the number of particles passing the point x from left to right, minus the 
number passing from right to left, between times ft and t + dt. This may be 
written as 


in = J(x,t) ot, (3.19) 
which defines the symbol J; that is, J = 6n/6t. If the number of particles is 
sufficiently large, the quantity J(a,t) is expected to be almost independent 


of the choice of 6t over a very wide range of values (in the sense that the 
change 6J due to changing dt satisfies 6J/.J <1). 
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3.3.6 Summary of concentration and flux density 


Equations (3.20) and (3.21) below provide a concise summary of the impor- 
tant properties of concentration c and vector flux density J. The number 
of particles N inside a volume V at time ¢ is expressed in terms of the 
concentration ¢ via a volume integral 


N(t) =f dV (r,t). (3.20) 
iy 


The number of particles per unit time (the flux) ® crossing a surface S at 
time ¢ is expressed in terms of the flux density J via a surface integral 


(t) = [aa I(r, t). (3.21) 


Equations (3.20) and (3.21) could have been used as definitions of ¢ and J. 


When defining the flux, we have a choice about which is the positive direction 

for counting the particles crossing the surface. For a closed surface there is A closed surface is one 
normally an inside and an outside. We shall usually adopt the convention with no boundary, such as 
that the normal to such a surface points outwards. the surface of a sphere. 


Exercise 3.9 


(a) The concentration of particles is given by e(x.y.2) = 1+ 7527 + 42y?. What 
is the number of particles inside the unit cube defined by the conditions 0 < 


2<1locy<l0<2< 1? 


If the concentration is measured in particles per unit volume, is the answer 
to this question meaningful? What about if the concentration is measured in 
mols per unit volume? 


(b) The flux density is J = (24 2+ $2?)i + 3j + 27k. What is the flux of parti- 
cles across the side of this cube defined by the condition x = 1, with the normal 
to the surface in the direction of the unit vector i? 


Exercise 3.10 


The concentration ¢ in a three-dimensional region depends upon the distance r 
from the origin. Express the number of particles N(R) inside a sphere of radius 
R in terms of an integral over the function ¢(r). In the case where e(r) = 1+ 1/r, 
show that N(R) = 47R + 27R?. 


Exercise 3.11 


Consider the situation where the flux density J is always directed away from the 
origin, and has a magnitude J which depends only upon the distance r from the 
origin. Write the outward flux (2) across a spherical surface of radius R from the 
origin in terms of the flux density J(r). Show that the flux is independent of radius 


3.4 The continuity equation 


3.4 The continuity equation 


In the previous section, we introduced the concepts of concentration ¢(r, t) 
(describing the number of particles present in the vicinity of a point), and the 
flux density J(r,t) (describing how these particles are moving). As the next 
step towards obtaining the diffusion equation, we are now going to obtain 
a partial differential equation, called the continuity equation, relating the 
flux density to the rate of change of concentration. The principle involved 
is quite simple: if the number of particles inside a small region is increasing, 
then the concentration increases. The net number of particles entering a 
region depends upon the balance of fluxes across the surface of the region, 
and if the region is very small, then this can be expressed in terms of the 
spatial derivatives of the flux density. We shall look at this first in one 
dimension, before turning to the three-dimensional case. 


Before starting the calculation, it may be helpful to say a little about the nota- 
tion. You need not take in everything before proceeding to read the calculation, 
but you may find it useful to return to this comment if you find the notation 
confusing. 


Spatial increments will be written with an upper-case delta; for example, AV 
is a small volume element. The small increment in time will be written dt. 


The calculation uses three similar symbols, all representing relatively small 
changes in numbers of particles: 
e AN is the number of particles in a small volume element AV; 


e  6N is the change in the number of particles in the volume element occurring 
in a short time dt; 


e  6n is the number of particles passing through one surface of the volume 
element in time dt, 


Thus, changes preceded by 6 are changes over a time interval 6t, and may be 
divided by t to obtain a rate of change. 

In order that the same definitions can be used in both the one-dimensional 
case and the three-dimensional case, in one dimension the ‘volume’ of the small 
element must be interpreted as its length, and the ‘surfaces’ are the two end 
points of the element, 


3.4.1 The continuity equation in one dimension 


In one dimension, the number of particles in the small interval [x,« + Az] 
is, by definition, AN = e(x,t) Ax (where e(x,t) is the concentration). The 
change ON in AN in time 6t is given by the net number of particles entering 
the interval by passing the point « from the left, minus the net number 
leaving the interval by passing « + Ax to the right: 


5N = dn(x,t) — n(x + Acr,t), (3.22) 


where dn(x,t) is the net number of particles passing the point 2, from left 
to right, between ¢ and t + ét. Expressing 6N in terms of the flux density 
J, as defined in equation (3.19), we have 


5N = [J (x,t) — I(x + Ax. t)] dt (3.23) 
(see Figure 3.7). 


87 


88 Chapter 3 


J(x, )8t particles Jec+Ax, 1)81 particles 
enter interval leave interval 
_ — 
x xtAx 


AN=c(x, 1)Ax particles 
in interval 


Figure 3.7 Illustrating the derivation of the continuity equation in one dimension: 
the number of particles within the interval is related to the concentration c. and 
the number of particles entering or leaving is related to the flux density J 


The change in concentration occurring in time ét is 


HERETO AMet sO) AN et) = ny (3.24) 


Dividing by ét and substituting from equation (3.23), we have 
t+dt)—c(a,t) 1 6N 
ot ~ Be 6t 
_ _J(x+Az,t) — J(a,t) 
= (3.25) 
Taking the limits as Ax — 0 and dt — 0, then adding 0J/0x to both sides, 
we obtain 
de, OF _ 
ott Or 
This equation is known as the continuity equation, relating flux density and 
concentration. It is a very general result. The only physical principle used 
in the derivation is that the particles move around without being created 
or destroyed: the particles are said to be conserved. This is a very common 
situation, and the continuity equation is therefore one of the fundamental 
equations of applied mathematics. 


0. (3.26) 


The detailed calculation presented above is rather cumbersome, but you 
should note that its essential elements are quite simple. The rate of change 
of concentration, Oc/Ot, must be equal to the difference in the rates at 
which particles enter and leave a small interval, divided by the length of 
the interval. The rates at which particles enter and leave the element are 
respectively J(x,t) and J(2 + Az,t), and their difference is approximately 
—(0J/Ax)Ax. Dividing by Az, we obtain the continuity equation Oc/Ot = 
—OJ/dx. 


Further insight into equation (3.26) can be gained by integrating it with 
respect to 2 on some interval (not necessarily small) of the real line [a,b]. 
This gives 

a = J(a,t) — J(b,t), (3.27) 
where N(t) = i dx (x,t) is the number of particles inside the interval {a, b]. 
Equation (3.27) is telling us that the rate of increase in N(t) is equal to the 
flux density of particles entering the interval at x = a, namely J(a,t), minus 
the flux density of particles leaving the interval at « = b, namely J(b,t). 


The diffusion equation 


3.4 The continuity equation 


3.4.2 The continuity equation in three dimensions 


In three dimensions, the derivation is similar. Consider the rate of change 
of concentration of particles in a small cuboidal element with sides Ar, Ay, 
Az aligned with the Cartesian axes (see Figure 3.8). 


Bing 
PELE A|y 
an, ns 
i ny 
= Gye) ons 


Figure 3.8 The rate of change of concentration within this volume element is 
determined by the total flux across its six surfaces 


Let the number of particles inside this element of volume AV = Ax Ay Az 
be AN, and let the change in AN in time dt be 6N. The quantity 6N is 
equal to the sum of the net numbers of particles entering through each of the 
six sides in a time interval of length dt (see Figure 3.8). Consider one of these 
sides, a rectangular surface with a constant value of the coordinate, « say 
(with the other coordinates in the intervals [y, y + Ay] and [z, z+ A2]). The 
area of this surface element has magnitude AA = Ay Az, and the inward 
normal to this surface element is n = i, where i is the unit vector aligned 
with the a-axis. (In this calculation, we choose not to adopt the usual 
convention that all elements of area are directed outwards from a closed 
surface; instead, for convenience, we take them to be aligned with the unit 
vectors i, j and k.) The net number of particles passing through this small 
surface element in the direction of increasing x during time dt is 


én, = J - AAS, (3.28) 
where J = Jji+Joj + Jsk is evaluated at the centre of the element, at 
position (a. y+ pAy, z+ $Az). The dot product J+ AA is simply J; Ay Az. 
because the direction of AA = Ay Azi is aligned with the z-axis. The net 
number of particles passing the surface in time dt is therefore 

bn = Alay + sAy, z+ 5Az, t) Ay Az ét. (3.29) 
We can now expand .J; as a Taylor series about (x, y, 2.¢): 
On 4 
Oy oa 


A(w,y + 4Ay, 2+ $Az,t) = Ala. y.zt) + $y 


(3.30) 


(where the partial derivatives are all evaluated at (x,y, z,t)). Terms pro- 
portional to higher powers of Ay and Az will be generated, but these terms 
may be neglected in the limit Ay + 0, Az — 0. 


Similarly, the formula for the net number of particles leaving via the opposite 
face. at 2 + Ax, is 

dng = Jy(a+ Aa.y + $Ay, 2 + Az, t) Ay Az dt. (3.31) 
Note that dng makes a contribution to 6N which differs in sign from dn, 
in equation (3.29), because particles crossing in the direction of increasing 
x across that face are leaving the volume element. The expression for dng 
differs from én; only in that J; is evaluated at position (2+ Ar, y+ $Ay, zt 
sAz Expanding the value of J; about (x.y, z,t) at this position gives an 
additional term of first order in Ax, namely Az 0J;/0x, as well as the same 
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Ay and Az terms as before. The difference between the numbers of particles 
crossing these opposite faces shown in Figure 3.8 is thus 


dn, — dng = [Ji(a.y + pAy.= + 3Az,t) 
—J(x + Aw, y + $Ay, 2+ ZAz,t)] Ay Az dt 


PS yg : : 
= — py sz) Az Ay Az ot. (3.32) 


Repeating this calculation for the differences dng — dn4 and dn; — dng gives 
similar expressions, containing 0J2/Oy and 0.J3/0z, respectively. Neglecting 
terms of higher order in the dimensions of the box (i.e. terms of higher order 
in Ax, Ay and Az), the total gain in the number of particles within the 
volume element in time dt is the sum of six contributions, corresponding to 
the six fluxes illustrated in Figure 3.8: 


ON = bn, — dnz + dng — dng + dns — ng 


~ oA , Ade, AJs i r 
~ [ + Oy + a: Ag Ay Az dt. (3.33) 


Dividing 6N by AV = Ax Ay Az gives the change in concentration in time 
dt, so, neglecting terms of higher order in Ax, Ay and Az, dividing by ét 
and taking limits as dt + 0 and AV — 0, we have 
Oe (3 OJ a) a 


= ei at. (3.34) 


Ox ee Oy Oz 
The combination of derivatives in the bracket occurs frequently in discus- 
sions of vector fields, and we saw in Block 0, Chapter 2 that it is called the 
divergence of the vector field J. There are two commonly used abbreviated 
notations for the divergence of a vector field F: 
OF, , OF) | OP 
s+ ata) HV F=dive. 3.35 
(eae a ad) 
The dot product notation in equation (3.35) arises from regarding V as a 
vector operator with components which are differential operators: 
a] 0 a 
V=i—+jotke. 3.36 
Ox +355 * Oz (e") 
The divergence V - F is the scalar product of this vector differential oper- 
ator and the vector field F, With these notational conventions, the three- 
dimensional continuity equation takes the form 


de 

ztV:J=0. 2 
2 ef (3.37) 
A commonly occurring situation is that of a steady flow, i.e. with the 
concentration independent of time, so that Oc/At = 0 at each point in space. 
In this case the vector flux density J has zero divergence, i.e. V+ J = 0 at 
each point. This situation is also referred to as the steady state. 


The continuity equation is also important in describing the flow of fluids, 
where it expresses the fact that the total mass of the fluid remains constant. 
The derivation is similar to that for concentration. The total mass M in a 
volume V is an integral of the mass density p,,, which may be a function of 
both position and time: 


M= [ a part. (3.38) 
Ke 


This is analogous to equation (3.20). All of the fluid particles in the neigh- 
bourhood of a given point are understood to be moving with a velocity v. 
which may also depend upon both position r and time ¢. Using arguments 
similar to those of Subsection 3.3.4, it can be shown that the mass of fluid 
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passing through a surface element AA in time dt is dM = p,,v-AAdt. A 
vector flux density for the flow of mass is defined, Jinass = Py,v. Such that 
the rate of change of the mass of fluid inside volume V is given by integrating 
this flux density over the surface S which is the boundary of V: 


ae -| dA+ ppv. (3.39) 


This is rca to equation (3.21). The minus sign in equation (3.39) 
occurs because we have used the convention that dA points in the direction 
of the outward normal to the surface, and M decreases as mass flows in 
this direction. All of the arguments used to obtain the continuity equation 
apply equally well to equations (3.38) and (3.39). Replacing ¢ by p,, and J 
by Jmass = Pm¥ Shows that, for fluid flow, the continuity equation is of the 
form 


Pen + V+ (pv) =0. (3.40) 


Exercise 3.12 

If a is a scalar field and F is a vector field, show that 
V-(aF)=aV-F+F-Va. 

Exercise 3.13 


In most liquids, the mass density, p,,, can be treated as a constant (i.e. as indepen- 
dent of r and t), Show that the velocity v(r,t) of such a liquid satisfies V -v = 0. 


Exercise 3.14 


Consider the time-independent vector fields 


(a) J=avi+yj+ zk, 
(b) J =yi-2j+ Ak, 
(c) J = (Aa + By)i+ (Cx + Dy)j, 


where A, B, C and D are constants. In each case, evaluate V + J, and determine 
which of these vector fields can represent the flux density of conserved particles in 
a steady flow. [Hint: Use the continuity equation (3.37).] 


Show that in case (c) this is possible only if A+ D = 0. 


3.4.3 Relation with Gauss’s theorem 


The continuity equation is very closely related to Gauss’s theorem. We shall 
demonstrate this relationship by combining the continuity equation (3.37) 
with equation (3.18) to deduce Gauss’s theorem. 

Let S$ be a closed surface, containing a volume V. Using equation (3.7) and 
differentiating with respect to t, the rate of change of the number of particles 
eas V is 


a= dv xr. t). (3.41) 


However, the rate, —dN/dt, at which particles are leaving the volume V 
is (by definition) equal to the flux, ®, across the surface (in the outward 
direction). Using equation (3.18) for the flux (with the convention that dA 


Gauss’s theorem was 
discussed in Block 0, 
Chapter 2. 
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points in the direction of the outward normal to the surface), and equating 
the result with equation (3.41). we have 


de 

a= | dAsJ==—-=— | av 

iF d [ ot 

Equating the two integrals in equation (3.42), and using the continuity equa- 
tion (3.37) to substitute for Ac/Ot, we have 


I dA-J = ‘ wv V-J. (3.43) 


This equation was obtained using physical arguments in which the vector 
field J(r,¢) was interpreted as a flux density. There is, however, no restric- 
tion on the choice of the vector field, and this equation must be true for any 
closed surface which is sufficiently smooth that the divergence of the vector 
field exists and the integrals are well-defined. We conclude that the follow- 
ing identity therefore holds for any closed surface S containing a volume V 
in which a differentiable vector field F is defined: 


[ear= [avr (3.44) 
s JV 


(3.42) 


This is Gauss’s theorem, a fundamental result in the theory of vector caleu- 
lus, which extends the concepts of differentiation and integration to vectors. 
It enables integrals over surfaces to be expressed as integrals over volumes, 
and vice versa. 


Exercise 3.15 
Consider the vector field F = (a + y*)i + (2y? — x*)j. 
(a) Calculate the surface integral 
os= [ dA-F, 
s 


where S is the surface of a cube with its six faces lying in the planes x = 0, 
2=1,y=0,y=1,2=0,2= 


(b) Calculate V+ F, and the volume integral 
by = ip wv V-F, 
Vv 


where V is the cube with surface S. Verify that Gauss’s theorem is satisfied. 


3.5 The diffusion equation 
3.5 The diffusion equation 


The diffusion equation can be obtained from the continuity equation (3.37), 
together with a simple assumption about the relationship between flux den- 
sity and concentration. This assumption is often known as Fick's law. 


Fick's law: The flux density is proportional to the concentration gra- 
dient, with flow proceeding from high to low concentration. In vector 
notation 


J=-DVc=-D (5s >-j+>5-k (3.45) 


where D is a positive constant known as the diffusion constant. 


Adolf E. Fick (1829-1901) was a German physiologist, best known in physiol- 
ogy for his work on cardiac output (1870), making possible the evaluation of 
respiratory exchange, i.e. the delivery of oxygen to bodily tissues. He is also 
credited with developing the first contact lens in 1887. He formulated his law 
of diffusion in 1855. 


Fick's law was originally proposed as an empirical law. The negative sign 
is present because particles are expected to move against the concentration 
gradient, away from regions of higher concentration (see Figure 3.9). Fick's 
law is a very natural guess for a relationship between the vector field J 
and the scalar field c, because taking the gradient is the simplest way to 
construct a vector field from a scalar field. 


Ted) er, 1)= cy 


e(r, t) = curBe 


Figure 3.9 Illustrating Fick’s law: the flux density of diffusing particles J points 
from regions of higher concentration to regions of lower concentration, and is 
proportional to the concentration gradient. Here, dc > 0. 


To understand how this leads to the diffusion equation, consider first the 
one-dimensional case. Here the flux density is given by the one-dimensional 
version of Fick’s law 


Jap os (3.46) 


Substituting this into the one-dimensional version of the continuity equation 
(3.26) leads directly to the one-dimensional diffusion equation (3.1): 


Oc Od 0 Oc Pe 
Gir wo eas (-0&) =D ye: 637) 


In three dimensions, combining Fick's law and the continuity equation (3.37) 
gives 
de 


Ra TV I =-V-(-DVe). (3.48) 
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An empirical law is one 
supported by experimental 
observation, rather than 
being deduced from 
fundamental principles. 


We used the fact that D is 
a constant in the final 
equality. 
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The following holds for any scalar field f: 


viwn=2 (3) +5 (SH) +3 (Z)-v- (3.49) 


Using this relation in equation (3.48), and noting that D is a constant coef- 
ficient, we obtain the three-dimensional diffusion equation (3.2) 
Oc 


RA DVe. (3.50) 


If the region in which diffusion occurs is finite, boundary conditions are re- 
quired, which describe the behaviour of the concentration ¢ at the boundary 
of the region. These are determined by physical principles, rather than 
mathematical reasoning. The most usual case is that of diffusion in a finite 
region with an impermeable boundary (i.e. no particles are able to enter or 
leave the region). An example would be diffusion of a substance through 
a liquid contained in a glass beaker: the substance remains confined to the 
liquid. The mathematical expression of this fact is the statement that, for 
all positions on the boundary, there is no flux crossing the boundary: i.e. 
J(r)+n=0, where n is a unit vector normal to the surface, for all pe 
tions 7 on the boundary, and for all times. Using Fick’s law, this condition 
is expressed in terms of the concentration: 


n-Vce=0 (3.51) 


for all points on the boundary and for all times ¢ larger than the initial time 
(which is usually taken to be zero). This boundary condition is known as a 
Neumann boundary condition. 


Another physical requirement on the solution of the diffusion equation is that 
as c represents a concentration of particles, this quantity must always remain 
non-negative. This constraint does not restrict the solution, in that if e(r,t) 
is initially everywhere non-negative, this property remains true of the solution 
at later times. This property, that non-negative initial conditions lead to non- 
negative solutions, will become apparent from a general solution given later, in 
Chapter 4, 


The derivation of the diffusion equation given in this chapter was based upon 
an assumption about the macroscopic behaviour of diffusing substances, 
namely Fick’s law. It is desirable to have a derivation based upon micro- 
scopic principles; this will be given in Chapter 6. 


Exercise 3.16 


Consider the function ¢(2,t) = exp(—.r/t)/t, which represents concentration as a 
function of time, in the region x > 0. The particles are unable to enter the region 
a <0, so the flux density is zero at «= 0. Show that the number of particles is 
conserved. Use the continuity equation to deduce the flux density J(x,t). Does 
e(a, t) sat Fick's law? 


Exercise 3.17 


Consider the scalar function f(r) = 1/r, where r is the distance from the origin. 
What is the gradient of this function? By considering the flux of this gradient vector 
(as defined by equation (3.18) with J = Vf) over the surface bounding two spheres 
of different radii centred on the origin, show that V7 = 0 everywhere except at 
r= 0. [Hint: Evaluating the integral in equation (3.18) is straightforward, because 
J +n is constant across the surface of a sphere.] 


3.6 The heat equation 


Exercise 3.18 


Consider a three-dimensional region where the concentration at time depends only 
upon the distance r from the origin, and is given by the function e(r,t). The vector 
flux density J must point in a radial direction, and at time ¢ it can depend only on 
r: let the sealar flux density in the radially outward direction be J(r.t). 


(a) By considering the flux of particles across the surface of a sphere of radius 
R centred on the origin, and relating this to the decrease of the number of 
particles within the sphere, show that J(r,t) can be expressed in terms of 
e(r,t) via the integral 


2 Oe 
2 
| ds 5° (s,t)- 


(b) If the concentration obeys the diffusion equation (when expressed as a function 
of x, y, = and t), use Fick’s law to deduce that c(r,t) satisfies 


1d ( 20e 
nh? (08 


3.6 The heat equation 


The diffusion equation was originally known as the heat equation. Let us 
now look at the connection. 


Heat is a form of energy, consisting of random microscopic motion of atoms. 
‘The temperature @ of a material is a measure of the amount of heat energy 
per unit volume, i.e. the concentration of heat energy. In most substances. 
the temperature measured by a thermometer placed in contact with the 
substance may be approximated by a linear function of the concentration of 
heat energy q, which we write in the form 


1 
(apm (q— 40). (3.52) 


This is an approximate relationship, which is justified by experimental ob- 
servation and by physical theory. Here p,, is the density of the material, C 
is the mass-specific heat capacity of the material, and 49. go are two other 
constants. This expression is a good approximation when g — qo and @ — 4 
are small. It is not necessary to be familiar with specific heat capacities; the 
important point is that @ and q are linearly related. 


0 = 0+ 


Exercise 3.19 
(a) What is the SI unit of g? 


(b) Roughly speaking. the temperature in Kelvins is the temperature in centigrade 
plus 273.15, the latter number being chosen so that zero Kelvins is the lowest 
attainable temperature (‘absolute zero’). What is the SI unit of mass-specific 
heat capacity? 
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The SI unit of temperature 
is the Kelvin, symbol K. 
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The amount of heat energy is conserved (in all of the processes that we shall 
consider), and q therefore obeys a continuity equation. 


Heat energy can move through a substance by thermal conduction, causing 
the temperature in different parts of the substance to change. You will 
become aware of thermal conduction if you hold a poker in a fire: eventually 
you will be forced to drop the poker when the heat of the fire reaches the end 
you are holding. Thermal conduction is closely related to diffusion: it can 
be thought of as diffusion of heat energy. The flux density of heat energy J 
is assumed to be proportional to the temperature gradient, so 


J=-K V9, (3.53) 


where the positive constant « is the thermal conductivity. This equation is 

known as Fourier’s law of heat conduction. Like Fick’s law, it was an em- It was proposed by J. B. 
pirical law, justified by its success in explaining experimental observations. Fourier in 1807. 

Note that the Fourier and Fick laws are of the same form, relating a flux 

density to a gradient. In Fourier’s law, the negative sign occurs because (in 

agreement with everyday experience) heat energy flows away from hotter 

regions, causing temperature differences to decrease. 


Equation (3.53) applies only in the case where the material is homogeneous 
(has the same properties at all positions) and isotropic (the material properties 
have no preferred direction). Most materials satisfy these criteria. 


Exceptions include materials with a chemical composition which depends upon 
position (which would be inhomogeneous), or materials with fibres aligned 
along a given direction, such as some carbon-fibre composites (which would 
be anisotropic). 

The derivation of equation (3.53) from fundamental laws of physics is prob- 
lematic, and for some apparently reasonable mathematical models of heat con- 
duction it has been shown to fail entirely. However, for most isotropic and 
homogeneous materials at moderate temperatures, Fourier’s law does give an 
accurate description of heat conduction. 


We can obtain the heat /diffusion equation from equations (3.52) and (3.53). 
We can differentiate equation (3.52) to relate the time derivative of temper- 
ature to that of q: 


00 1 oq 

—=——— —, 54 

at Co, at ed] 
Now the continuity equation for g (i.e. equation (3.37) with c replaced by 
q), together with equation (3.53), gives 

a =-V-+J=KV0. (3.55) 
Combining the previous two equations, we see that the temperature there- 
fore satisfies the equation 


00 


KW? 
=> Vo; 3.56 
= a (3.56) 
which is known as the heat equation. It is identical in form to the diffusion 
equation. The constant «/Cp,, is called the thermal diffusivity. Thermal diffusivity has the 


same dimensions as a 
At the time when Fourier first formulated his law, scientists understood heat diffusion constant, and will 


to be an invisible fluid, called ‘caloric’. Temperature was thought of as being be given the same symbol 
the pressure of this fluid, and Fourier’s law then states that the rate of flow _D (it will be clear from 
of heat is proportional to the pressure gradient. This picture can be very context when we are 
useful in developing intuition about problems involving the flow of heat. The dealing with a thermal 
caloric model had to be abandoned when it was discovered that heat could be ‘iffusivity). 

transformed into mechanical energy. The modern understanding is that heat 


3.7 A solution of the diffusion equation 


is a form of energy, in which the energy is contained in the random motion of 
atoms. 


Exercise 3.20 


(a) The density, mass-specific heat capacity and thermal conductivity of air (dry, at 
20°C and standard atmospheric pressure) are, respectively, py, = 1.29kgm™*, 
C =1.01 x 10° Jkg7!K~! and « = 2.40 x 10-?Jm™'s~?K~'. What is the 


thermal diffusivity, D, of air? 


(b) The diffusion constants (for molecular diffusion) for water vapour and car- 
bon dioxide in air are, respectively, Dy, = 2.12 x 10-°m?s~! and Deo, = 
1.29 x 10-5 m?s~!. Does this suggest anything about the relationship between 


diffusion of heat and diffusion of molecules? 


3.7 A solution of the diffusion 
equation 


One particularly instructive solution of the diffusion equation describes what 
happens when N particles are initially concentrated at a single point, and 
then diffuse in an infinite region. We shall consider only the one-dimensional 
case for the moment; extension to two and three dimensions is considered 
briefly in Exercise 3.24, and in much more detail in Chapter 4. A suitable 
solution of the one-dimensional diffusion equation (3.1), with c replacing f, 
is a Gaussian function of the form 


(x,t) = exp(—«*/4Dt). (3.57) 


N 
v4nDt 


It can be verified by substitution that this is a solution of the diffusion 
equation (3.1) when ¢ > 0 from above. As t — 0, the solution is concentrated 
at « = 0 (in the sense that for any point other than x = 0, the solution 
approaches zero as t + 0). This solution is illustrated in Figure 3.10. 


e(xtN 1.0 


08 


0.6 


Figure 3.10 A Gaussian solution of the one-dimensional diffusion equation, in 
which N particles are initially all at x = 0. In this figure, we set D = 1. 
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Exercise 3.21 

Check (by substitution) that (3.57) satisfies the diffusion equation (3.1) (with f 
replaced by ¢) when t > 0, 

Exercise 3.22 


If e(x, t) satisfies the diffusion equation, show that e(x — xo, t — to) also satisfies the 
diffusion equation (where ag and fp are real constants). This means that solutions 
can be translated (moved) in both space and time. 


Because the diffusion equation is linear, any constant multiple of a solution 
is also a solution, So, if we divide e(r,t) by the total number of particles N 
to define 


p(r,t) = e(r,t)/N, (3.58) 


then p(r,t) will also be a solution to the same diffusion equation. We see 
from equation (3.7) that such a solution satisfies 


[ dV p(r,t) =1, (3.59) 
Jv 


where V is the full volume containing all N particles. Any solution of the 
diffusion equation with this property will be called normalised, We can 
interpret a normalised solution as giving the probability density p(r,t) for 
a particle to be located in the vicinity of r at time ¢ (hence our use of the 
symbol p). The concentration is obtained by multiplying the normalised 
solution by the total number of particles present, V. 


Thus, from equations (3.57) and (3.58), the normalised solution in one di- 
mension is 


Betas! et : 
p(a.t) = rie a" /ADt), (3.60) 


which can be treated as a probability density. In the following exercise, we 
consider one of its moments. 


Exercise 3.23 


Confirm by direct integration that equation (3.60) is normalised, and that it satisfies 


20 
3 da x* p(x, t) = 2Dt. 


2 


Given that a normalised solution may be interpreted as a probability density, 
this exercise shows that the mean-squared distance of particles from their 
starting point is proportional to time, i.e. 


(x?) = 2Dt. (3.61) 


This should be compared with equation (2.18), which is a characteristic 
property of random walks. This is evidence that the underlying physical 
mechanism for diffusion is that the particles make random walks. In Chap- 
ter 6, the diffusion equation will be derived from the random walks exhibited 
by individual particles. 


3.8 Summary and outcomes 


Exercise 3.24 


(a) Show that a solution of the two-dimensional diffusion equation can be obtained 
as a product of two solutions of the one-dimensional equation. 


(b) Use this approach to obtain the solution of the two-dimensional diffusion equa- 
tion obtained in Exercise 3. 


Co ; 
plz,yst) => exp[—(x? + y?)/4Dz¢]. 
Determine the constant C which makes this a normalised solution. 


(c) For the normalised solution in part (b), what is the mean-squared value of 
the distance to which the particles diffuse from the origin, (r2), where r = 
«x? + y?? (Hint: You can use polar coordinates for the two-dimensional inte- 
gral, but it is easier if you note that the double integral factorises.] 


(d) What do you think (r?) will be in three dimensions? (In this case r= 
2? +¥? +27.) 


3.8 Summary and outcomes 


The principle ideas discussed in this chapter can be summarised as follows. 
The distribution in space of the quantity of a substance is described by its 
concentration c, and the movement of substances is described by the flux 
density J. We showed that if the substance is not created or destroyed (that 
is, if it is conserved), then c and J are related by the continuity equation. We 
considered a particular type of particle-conserving process. called diffusion, 
in which substances move due to the random movement of individual atoms. 
We showed that a natural assumption about the flux density in diffusion, 
namely Fick's law, leads to the diffusion equation. We found that diffusion 
from a point source has the property that the mean-squared distance trav- 
elled is proportional to time, which indicates a connection between random 
walks and diffusion. The same concepts are applicable to heat flow, and the 
diffusion equation is also known as the heat equation. 


After reading this chapter, you should: 

e be aware of the macroscopic signs of diffusion, and of its microscopic 
physical mechanism; 

© understand the definitions of the concentration ¢(7,t) and the flux den- 
sity J(r,t) — you should be able use these quantities to calculate the 
number of particles in a volume and the flux across a surface; 

e be able to calculate simple surface and volume integrals, and to relate 
these using Gauss’s theorem where appropriate; 

e understand the continuity equation, and its role in deriving the diffusion 
equation; 

e understand Fick’s law of diffusion; 

e understand the relation between the diffusion equation and the flow of 
heat; 

e be aware of the Gaussian solution of the diffusion equation, and of its 
connections with the probability distribution for a random walk. 
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3.9 Further Exercises 


These are harder exercises, which will challenge your understanding of the 
material. 


Exercise 3.25 


Assuming particle conservation, what is the boundary condition on the concen- 
tration at the smooth interface of two regions, numbered 1 and 2, with different 
diffusion constants, D; and D2? 


(Hint: The flux density across the boundary is the same on either side. Express the 
flux density on either side in terms of Fick's law. in order to give a condition which 
must be satisfied by the concentration c.| 


Exercise 3.26 


Two layers of material are bonded together. Their thicknesses and thermal conduc- 
tivities are, respectively, Ly, & for material 1, and Lo, 2 for material 2, The double 
layer is used to separate two fluids, one at temperature 4), the other at 42, with 
material 1 in contact with the liquid at temperature @;. What is the temperature 
6, of the interface between the materials when a steady flow of heat has been estab- 
lished? What is the flux density of heat energy? (Hint: Consider one-dimensional 
heat flow in the direction perpendicular to the boundaries of the layers.] 


Figure 3.1! Illustrating Exercise 3.26: two layers of solid material separate two 
liquids at temperatures @; and 02 


Exercise 3.27 


(a) Pipes carrying hot water are often surrounded by a layer of insulation in order 
to minimise heat loss. Consider a layer of insulation around a pipe, occupying 
the region bounded by two cylinders, with inner radius r, and outer radius r2, 
which are kept at constant temperatures 4; and 2, respectively. (The cross- 
section is shown in Figure 3.12.) Assuming steady heat flow, show that the 
temperature at radius r (with r; <r < re) is 


Ae 
boy =e mn (=). 


In(r2/m) ri 


(b 


What is the flux of heat per unit length of pipe? Does doubling the thickness 
of insulation halve the rate at which heat is lost? 


3.9 Further Exercises 


6/0”) 


[Xe 


Figure 3.12 Illustrating Exercise 3.27: 
insulation 


a pipe is surrounded by a layer of 


{Hints: This problem has two simplifying features: it involves a steady state, 
and there is a high degree of symmetry, so the temperature depends upon only 
one coordinate, 1, 


Consider a thin cylindrical shell between radii r and r+ dr. Because the 
temperature is steady, 00/0t = 0, and the flux of heat entering the inner surface 
ar ris balanced by the flux leaving the shell at r+ dr. The heat flux across 
any cylindrical surface is therefore constant. This flux is proportional to the 
temperature gradient, d0/dr, and to the area, which is proportional to r, so 
rd0/dr = constant.| 


Exercise 3.28 


Consider the case where particles undergo diffusion in a fluid which is itself in 
motion with velocity v(r,t). (An example is where a pollutant enters a water 
system: it spreads by diffusion and also because it is being carried along by the 
flow.) Assume that the flux density due to the flow of the fluid can be added to 
that which results from diffusion. Show that the flux density due to the fluid flow 
is Jnow = cv, where c is the concentration. Using the continuity equation, show 
that the equation for ¢ is 


c—v+Ve-—(V-v)e. 


This is sometimes called the diffusion-advection equation. 


Exercise 3.29 


(a) Consider the one-dimensional diffusion-advection equation where the fluid flow 
is steady, so that the velocity v(«) does not depend upon t. Consider the case 
where the particles are confined to the region « > 0, and the concentration 
(x) approaches zero as «x — oo. Show that a steady-state solution, where the 
concentration does not depend upon t, takes the form 


ei es af dy ota] : 
f 


where A is a constant. 
(b) If the fluid contains N particles, how might the constant A be determined? 


(c) What is the form of the solution in the cases where (i) v(a) = —) and (ii) 
u(r) = —pa (where \ and jt are constants)? 
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3.10 Appendix: observing diffusion in 
a simple experiment 


If you would like to try an experiment to see diffusion for yourself, it is quite 
easily observed using a dye (such as food colouring) dissolved in water. It 
is important to avoid any macroscopic motion of the water. Figure 3.13 
shows some photographs illustrating one possible approach to doing this 
experiment. 


First fill a glass of water to the brim, and place an inverted saucer on top 

of it, as shown in Figure 3.13(a). Turn the glass upside down, then add 

water to the saucer and allow it to settle for half an hour. Add vegetable 

dye to the saucer, and finally lift the glass a tiny fraction to allow the dye to 

seep under the lip of the glass. This step is shown in Figure 3.13(b). Over 

a period of several days, the dye will diffuse into the glass of water. This 

is shown in the sequence of photographs in Figure 3.13(c). the initial state 

being the left-most picture. The photographs and 
experimental procedure 
were kindly supplied by 
Dr Graham Read. 


(c) 


Figure 3.13 An experiment demonstrating diffusion, 
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Solutions to Exercises in Chapter 3 


Solution 3.1 
(a) V?f=2+24+2=6 
(b) 


(co) f= A/V? + y? + 2? = (x? + y? + 27)-?, 50 


, 2a? — 4? — 2? 
“Gap peype 


vesr= (2a? *) + (22? — a? — y?) = 


pe 0. 


Solution 3.2 


(a) The diffusion equation in two dimensions is 
ti) 0? 0? 
a ae 


oF 
(b) Consider the trial solution p(w. y,t) = A(t) exp[—/ 


a? + 4?)/t]. We find 


: 2 4 9 
oe = A(t) exp|—B(a? +. 9?)/t] + Ae AW expt a + yP)/t. 
G2 — Ai) i expl-Ale? +9)/4), 

Pp  —2GA(t Fee 4Pat bid 

Fo = A expla? + v2)/t) + “SAW expl-(2? + ¥?)/t. 


The expression for 0? p/Oy? is obtained by exchanging « and y in the expression 
for 0? p/Ax*. Substituting into the diffusion equation and cancelling the factor 
exp[=3(x? + y*)/t] gives 
(a? + y?) 4 
p A( + 


Bl 2 
A'(t) + 2 (x? + y?)A(t)} 


—AGA(t 
t)=D wy) 
t 

‘This equation must be satisfied for all x. y and t. For any given value of t, the 
terms which are independent of a and y on either side of this equation must be 
equal. Similarly, the terms proportional to (ic? + y?)/t must be equal, giving 
GA(t) = 4D A(t), so 9 = 1/4D. Equating the terms that are independent of 
x and y gives 

48D. A(t. 

Al(t) = -——A(t) = aoe 
t t 

which is a differential equation to be solved for A(t). It may be integrated 
to give nA = —In¢+ constant (for A> 0 and t>0), Exponentiating gives 
A=C/t for some arbitrary constant C. The diffusion equation therefore has 
a solution of the form 


plwyy.t) = S exp l(a? +y")/4Dt}. 
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Solution 3.3 


In one dimension the concentration must be defined as the number of particles per 
unit length. 


For a uniform distribution of N particles over an interval of length L, the concen- 
tration is ¢ = N/L. 


When the distribution of particles is non-uniform, the concentration c(«,t) at po- 
sition « and time ¢ can be defined in terms of the number of particles AN (a, Az, t) 
in a short interval between « — 5Ar and x + Ax, divided by the length of this 
interval: 

AN(a, Az, t) 

a 


If the quantity ¢(2,t) is almost independent of Ax for a wide range of values of Az, 
the concentration is well-defined. 


ea, t) = 


Similarly, in two dimensions the concentration is the number of particles per unit 
area. 


If we interpret people as ‘particles’, population densities quoted in geographical 
atlases are concentrations of people. Thus, if there are AN people living inside a 
square region of side Ax, the population density is c= AN/((Ar)?). The length 
Aw must be chosen appropriately; for example, when estimating the population 
density in an urban area, it might be appropriate to take Av = 1km, but not 
Av = 10m. 

Solution 3.4 


Using the one-dimensional version of equation (3.7), we have 


= a dx [eo + ¢) cos (=) exp( -at)] 


“ga + ak exp(—at) [sin (=) 


L/Io 
evLsin(ma/L) 
7 


N(a 


=cat+— exp(—at). 


When a = L, we find N(L) = eoL, which is independent of time. 


Solution 3.5 


The volume is 500 ml = 0.51 = 0.5 x 107m. The concentration is therefore 
1020 


molecules per m* 
5 x 1 


= 2x 10° molecules per m* 
= 2x 10” molecules per litre 
2 x 1020 
~ 6.022 x 108 
~ 3.32 x 1074 mol 1"?. 


mols per litre 


The concentration can be expressed as either 2 x 1024 m= or 3.32 x 10-4 moll7!. 


Solution 3.6 
Using the fact that 1m = 1031, we have 

250 wg l-! = 250 x 10-® gl“! = 250 x 10- kg 17! = 250 x 10-6 kgm", 
The mass of a carbon dioxide molecule is 7.31 x 10-26 kg, so 


250 x 10-8 


Farm ioc = 342 x 1071, 


number of molecules per m* of carbon dioxide = 
Similarly, 
2 107% 


Tee cio © 430% 10". 


number of molecules per m® of carbon monoxide = 


The diffusion equation 
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Solution 3.7 


The flux of fish is 600 per day. To express this in terms of the SI unit of time, we 
note that one day is 60 x 60 x 24 = 86400 seconds. In the appropriate SI unit, the 
flux is & = 600/86 400 ~ 0.0069 s~!. 


The cross-sectional area of the river is A= 5 x 1 =5m?, so the flux density is 
J =/A ~ 0,0069/5m~? 5 ~ 0.0014m~? s~!, 


Solution 3.8 


‘The approximate number of hailstones collected is n = 100/0.05 = 2000. The radius 
of the pan is r = 0.1m, so the area is A = wr? = 7 x (0.1)? ~ 0.0314m?. The time 
is t= 5 x 60 = 300s. So the flux density is 

n 2000 


Tay 7 & (O-1)2 x 300 


= 212m— 


Solution 3.9 


(a) Using equation (3.20), the number of particles is 


N = fw (r,t) 


1 pl 1 
-[ ae f av [ dz [+ 
0 =o do 


1 
1 2 1 3 
if dir (1+ te +40 ly 


i 


This result is not a large number, so if the concentration is defined as the 
number of particles per unit volume, it is meaningless. However, if the con- 
centration is measured in mols per unit volume, this figure represents approx- 
imately 6.02 x 10? x 129/120 particles, which is a large number. In this case 
the number of particles within the cube is likely to be similar in magnitude to 
the calculated result, so the answer is meaningful. 


= 


The flux is calculated using equation (3.21). Let J = Jyi+ Joj + Jsk. Because 
the normal to the surface is aligned with the unit vector i, we have J+dA = 
J, dy dz. The integral is over the square region « =1,0<y<1,0<2<1,so 
the flux is 


a= [ da-srt 
8 


1 1 
-| ay [ dz i+ J(1.y,2,t) 
0 do 
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Solution 3.10 


The volume of the region bounded between two concentric spheres of radii r and 
r+ or is 


bV = 4n(r + 6r)* - 3 


Anr*dr + O((dr)*). 


The contribution to the number of particles from this spherical shell is e(r) dV. 
Integrating over r, the number of particles inside a sphere of radius FP is 


R 
N(R) =n f drrc(r). 
Jo 
When e(r) = 1+ 1/r, this is 


R : 1 
N(R) =tn f dry? (1+ *) =4r 
Jo 


This result could also have been obtained by working in spherical polar coordinates 
and integrating over the angle variables. 


4nR? + 2rR?, 


Solution 3.11 


The area of a spherical surface of radius r= R is 4rR?. The flux density vector is 
always aligned with the outward normal, and has uniform magnitude J(R) across 
this surface. The flux across this spherical surface is therefore 


®(R) = 4r RPI (R). 


Clearly, if J = C/R®? for some constant C, then the flux & = 4mC is independent 
of R. 


Solution 3.12 
If F = Fyit Paj + Fyk, then 
O(aFi) | Oaks) | W(aFa) 


V+ (aF) = 


On Oy dz 
aF, 00, OF: 0a, OFy On 
= F , t % 
Spe Tig, og th tay hoe Oe ABE 


=aV-F+F-Va. 


Solution 3.13 


‘The continuity equation for the liquid is 

ap, 

ate + V+ (py) = 0. 
Since p,, is constant, we have Op,,/0t =0 and Vp, 
previous exercise, 


0. Using the result of the 


V = (Pin®) = Pn VB +0» VP 


The second term in this equation is zero because p, 
equation then reduces to 


V-v=0, 


in iS constant, The continuity 


The diffusion equation 
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Solution 3.14 


Because the flow is steady, 0c/Ot = 0, and the continuity equation becomes V+ J = 
0. 


(a) V+ J =1+1+41=3. This vector field cannot be the flux density in a steady 
flow, 


(b) V+ J=0+0+0=0. This vector field can be the flux density of a steady 
flow. 


(c) V+ J =A+D. This vector field can be the flux density of a steady flow only 
ifA+D=0. 


Solution 3.15 


. the outward normal is n =i, and F = (1 +4 
+? and 


1 1 u 
j dA+F= ay [ dis) = f dy (1+ y?) = 3. 
Jaz Uh © aM 0 


For y = 0, the outward normal ism = —j, and F = xi— 


‘ 1 1 
| dA+F= i dix ie dz 
Syn Jo do 


1, the outward normal is n = j, and F = (1 +.2)i + (2—.°)j, so 
— a9 and 


1 1 
- dar = [ ae f dz (2-2 
v=t Jo Jo 


For 2 = 0, the outward normal ism = —k and F +n = 0. The integral over the 
surface z = 0 is therefore zero. Similarly, the integral over z = 1 vanishes. 


The integral over the surface S of the cube is therefore 


s [aara-h+ hehe i ro+0=s. 
F 
(b) We have 
ve F= (ety) + Zeya) +2) =144 
eS im AC Ns ill is 


The volume integral of this divergence is 


ov= [aver 
Jv 


3 1 ph 
=f de f ay [ dz (1+ 4y) 
no ~Jo do 
i 1 1 ig 
-/ ae f dy (1+ 4y) = i dy (1+ 4y) = [y + 2y7], = 3. 
0 | Jo Jo 


Thus ®y = ®s, and Gauss’s theorem is satisfied. 
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Solution 3.16 


The number of particles is 


Ne ci deiele,t)= if de exp(—2/t) = 1. 


(Because this is not a large number, we must assume that N is measured in multiples 
of some large number, such as the mol.) Hence N is constant, so the number of 
particles is conserved. 


Because the number of particles is conserved (that is, N is independent of time), 
we are justified in using the continuity equation; we find 


Ad a, ae 4 
: : 3 et = lt — x) exp(—a/t). 


We have J(0,t) = 0, because the particles cannot cross # = 0. Integrating gives 
0 
Tiss [ on nt — u)exp(—u/t) 
0 


where the lower limit of integration ensures that the condition J (0,1) = 0 is satisfied. 
Using integration by parts, this gives 


, ieee: 
Jest) = [ew (-z) exo(-v/t)| = [| dveso(-ulh) 


‘Toe deal: 
= TF exp(—0/t) +5 +5 lexp(—v/ 1g 
= oxp(-2/t). 


This is clearly not proportional to c/w = —exp(—w/t)/t, so Fick's law is not 
satisfied for any choice of diffusion constant D. 


Given that c(2,¢) is a concentration, it must represent the concentration of a ma- 
terial which is not moving by a process of diffusion, 


Solution 3.17 


From the definition of the gradient vector discussed in Block 0, Chapter 2, the 
gradient of the function f(r) is f’(r)F, where f'(r) is the derivative of f and f is a 
unit vector pointing radially outwards. If f(r) = 1/r, the gradient is 


es 
re 


Vf= 


You have seen in exercise 3.11 that the flux of this vector field across a spherical 
surface of radius R centred on the origin is independent of R. The surface integral 
of V/ over a spherical surface of radius R, is therefore the same as that over a 
surface of radius Ry. Applying Gauss’s theorem, the difference between these two 
surface integrals is the volume integral of the divergence of the vector field Vf over 
the region between radii R; and Ra. (The difference enters here because dA points 
in the direction of the outward normal to the bounding surface, so it points away 
from the origin for the outer sphere but towards the origin for the inner sphere.) 
The integral of the divergence of the vector field, i.e. of V?f, over this region is zero. 
Because of the spherical symmetry, V? can depend only upon the distance from 
the origin. Allowing R: to approach R;, and noting that V?f must be a continuous 
function of r, we see that V?,f = 0 at R; in order for the integral to equal zero, We 
therefore must have V2f = 0 for all points on the spherical surface at R;. Because 
R, is arbitrary, this argument establishes that V? = 0 everywhere except at the 
origin, r = 0. 


The diffusion equation 


Solutions to Exercises in Chapter 3 


Solution 3.18 


(a) Because of the spherical symmetry of the problem, the flux density on a spher- 
ical surface at R takes the same value J(R,t) everywhere on that surface. The 
flux ®(R) across this surface is then the flux density multiplied by the area 
of this surface: (R) = 4R2J(R,t). Because the total number of particles is 
conserved, the outward flux across this surface is equal to the decrease in the 
number of particles within this surface, which is obtained by differentiating 
equation (3.7) with respect to time. Thus, we obtain 


Aline 
®(R) =4rR?J(R,t) = Es I dr Amr? aoa]. 
at | Jo 
since 


R 
N(R,t)= | dram 
0 


(r,t) 


is the total number of particles, N(R,t), inside the sphere. ‘The flux density is 
therefore obtained from the concentration via 


a 2 
Eas GP ec leted 
[os ot 


after a change in variable names (R to r and r to s inside the integral). 


(b) If the concentration satisfies the diffusion equation, the flux density J must 
(according to Fick's law) be proportional to the gradient of the concentration, 
The magnitude of the gradient of the concentration in the radial direction is 
just Ac/Ar. We therefore have 

Oc 
—D—(r,t) = 
art) 
Multiplying both sides by —r2, then taking the derivative of both sides with 
respect to r, and finally dividing both sides by r?, gives the result quoted in 
the exercise. 


Solution 3.19 


(a) The SI unit of energy is the Joule, where 1J = 1 kgm? s 
energy per unit volume q is therefore Jim™". 


, So the ST unit of 


(b) From equation (3.52), the SI unit of mass-specific heat capacity C is the unit 
of (¢ —4q0)/Pm(4—9). Since the SI unit of temperature is the Kelvin, and 
those of q and p,, are J m? and kgm~* respectively, the SI unit for C is 
Jm~3/kem~9 K = kg! Ko}. 


Solution 3.20 
(a) The thermal diffusivity of air is 
2. or? spar 
Daa = eee 0s 


“Cp, 129% 1.01% 108 


(b) The thermal diffusivity D calculated in part (a) is similar in magnitude to the 
diffusion constants for gases diffusing through air quoted in the exercise. The 
similarity of these values indicates that the diffusion of heat energy has the 
same origin as the diffusion of materials: heat is transported by the random 
microscopic motion of atoms. 
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Solution 3.21 


If 
N : 
“= -2?/4D0), 
Waar ee 
then 
de _ N 2 N 2 
Bi =~ IVD RR PDO + Ge Te On(-#/4D1, 
de aN 
oo = —exp(—22/4D0), 
Be ~ Brendes * (408) 
Pe N 2 a?N 2 
> - e: 4Dt) + exp(—x" /4Dt 
DivanDi oP 4D) + ea raat OT MAH) 
_ 1a 
~ Dot 


so that equation (3.1) is satisfied. 


Solution 3.22 

Consider the fimction ¢(«,t) = e(@ — ao,t — to), We have 
dey 
ot 

and analogous relations hold for the first and second derivatives with respect to 

x. If ¢ satisfies the diffusion equation at position 2 — ao and time ¢ — to, then ey 

satisfies the diffusion equation at position « and time t. It was assumed that ¢ 


satisfies the diffusion equation for all positions and times. It follows that (x,t) 
also satisfies the diffusion equation for all positions and times, 


a 
(at) = 5 (@ = aot to), 


Solution 3.23 


‘To check normalisation, we calculate 


if ‘de play) = 


The second moment is given by 
io 1: es 9 4 
[ae x? p(a.t) ~ Vandi Le x? exp(—x*/4Dt) 
4Dt 2 F 
=— duu? exp(—u?) 
Vm Jc 


Solution 3.24 


(a) Given two functions f(2,t) and g(a,t), both of which are solutions of the 
one-dimensional diffusion equation, the function 


F(x, t)a(y,t) 


is a solution of the two-dimensional diffusion equation. 
follows: 


Oe oiee) a ee 


(a, yt) = 


This is verified as 


1) 2gu.t) t) 


ae ae STI 
Bhai) 
a 


He gyst) + wee 


Chapter 3 


The diffusion equation 


We used the change of 
variable w= x/V4Dt, and 
applied the standard 
Gaussian integral, 
discussed in Block 0, 
Chapters 1 and 2, 


Again, the change of 
variable is u= 
and we used t 
defined in Section 1.3, 


The first step uses the 
product rule for 
differentiation; the second 
uses the fact that both f 
and g satisfy the 
one-dimensional diffusion 
equation. 


Solutions to Exercises in Chapter 3 


(b) Consider the case where g = f in the notation of part (a), so p(a.y,t) = 
S(x,t)f(y.t). If f(w,t) is a normalised solution of the diffusion equation in 
one dimension, then 


ia de [ay pleryst) = he de se, x Fa dy fv] =1x1, 


so the two-dimensional solution is automatically normalised. From equa- 
tion (3.60) and Exercise 3.23. we have a normalised one-dimensional solu- 
tion of the form f(x, t) = exp(—w*/4D1t)/V47Dt, and this leads to the two- 
dimensional solution quoted in the exercise with the constant C given by 
1/4nD. 


(c) The mean value of r? = 2? + y? is 


2 2 . os 2° 
ri dx / dy (a? +?) p(a,y,t) = if day wx? f(a, t) iL dy f(yst) 
v0 dao 30 ~00 


90 mee 
+f de Ko.t) f dy y? f(y.t) 
Bes 00 
= 2Dt x 1+1x 2Dt 
=4Dt. 


The final step uses the fact that the second moment of the function f(2,¢) 
used in part (b) is 2Dt (see Exercise 3.23). 


(d) In three dimensions, the same approach works. It turns ont that (r2) = 6D¢ 
in three dimensions (as might be expected by extrapolation from the one- and 
two-dimensional cases). 


Solution 3.25 


The flux densities in regions 1 and 2 are respectively Jy = —D; Ve, and Jo = 
—D2Ve2, where ec; and cy are the concentrations in each region. Let n be the 
normal to the interface, pointing from region 1 to region 2. Because particles are 
neither created nor destroyed at the interface, the flux density of particles crossing 
the interface on either side must be the same. The flux density of particles striking 
the interface from region 1 is J; = J, +m. The flux density Jy in region 2 is obtained 
in the same way. Equating these gives J; +n = J2+n, so 


(Di Ver — DoVe2) +n = 0. 


This condition holds for all points on the interface, and for all times. 


Solution 3.26 


We assume one-dimensional flow in the x direction (chosen to be perpendicular 
to the boundaries), so the temperature @ satisfies 00/0t = D0°0/x?, where D = 
k/Cp. The origin is taken to be at the interface between the layers. Because 
the flow is steady, 00/At = 0, so 00/Ax? = 0, The temperature in layer 7 is thus 
0;(a) = Aja + B;, for some constants Aj and B; which may take different values 
in different layers. The flux density of heat is J = —Kj00;/O2 = —K, Aj, which is 
the same in each layer. The temperature difference across layer j is A@; = Aj Lj = 
—JL;/nj. (Here, AO, = 0; — 0; and Ad, = 0, — 0.) 


The overall temperature difference across both layers is A@; + A@s. We are told 
that this difference is 02 — 0;, so 
Le Lyky + Lak 
b — 6; --1[2 +2] Sey aes 
Ky Ke Ky Ko 


and the heat flux density is thus 


— (01 = O2)Kake 
Lyk + Lory” 
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The temperature difference across the first layer is then AQ; =—JL,/m,. The 
interface temperature is 0; = 0; + AQ, i.e. 
(02 —0)L 
(=te 
1 Tika + Lar 


Solution 3.27 


(a) As discussed in the question (see the Hint), the heat flux is the same across all 
cylindrical surfaces. The outward heat flux ® across a surface of area A due 
toa temperature gradient d0/dr is 


Tn this case the area of the curved part of a cylindrical surface is 27rL, where 
L is the length of the cylinder, and r is its radius. The heat flux is then 


a= Steen = constant. 
dr 


This is a differential equation for 0(r), which gives 


[w = —(@/2nnk) ff dr/r 
Performing the integrations, we obtain 


® 
Or) = rr Int + 00, 


for some constant 9). This solution contains two unknown constants, J and 
, which are determined by applying the boundary conditions that the tem- 
peratures are 0), 2 at radii 7; and 1, respectively. 


Writing 09 = 0; + (®/2mKL) Inry, the solution reads 


” r 
Or) = 0, — Tank In (=) e 
This is seen to satisfy the condition 0(r) = 0). If the heat flux is now chosen 
so that 


® eu 


Ink In(r2/1%)” 
the condition O(r2) = 4» is also satisfied, and @(r) has the form quoted in the 
exercise, 


(b) The heat flux per unit length of pipe is 
& — 2nK(Oi — 02) 


LT Inra/r:) 
Because the logarithmic function increases very slowly as a function of r2/r, 
this result shows that it is difficult to reduce heat loss significantly by increasing 
the thickness of insulation. Doubling the thickness of insulation does not halve 
the heat loss (except in the limit as r2/r — 1). 


Solution 3.28 


In time dt, the volume of fluid passing through an element of area A.A with velocity 
v is bV = v- AA dt. If the— concentration of particles is c, the number of particles 
in this volume is 6N = cdV. But, from the definition of flux density, 5N = Jow « 
AA 6bt. Since this should hold for any choice of AA, it follows that Jgow = cv. 
This so-called adyective contribution to the flux density must be added to the 
diffusive flux density given by Fick's law. The total flux density is therefore J = 
ve— D Ve. Applying the continuity equation and using the result of Exercise 3.12 
gives 

Oe 

a= 
which is equivalent to the equation quoted in the exercise. 


-V- [ve— DVe] =DV-Ve—v-Ve-(V-v)c, 


The diffusion equation 
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Solution 3.29 


(a) For a steady-state solution, the concentration ¢ is a function of position x only. 
The diffusion—advection equation in one dimension may then be written 


d ~ 
0=— |u(e)e(a) -—D], 

da pone) Z| 
so v(x)e(x) — De’(a) = C, where C is a constant. If c approaches zero as 
a — 00, we expect that its derivative c’(x) also approaches zero as x — oo. 
This indicates that we must have C = 0. So the differential equation to be 


solved is 
de _ v(x)e(x) 
a Dp 


which can be solved by, for example, separation of variables: 


de _ , Ua) 
ri = i dx Dp" 
giving 


oe) 1 
Inc(a)-+constant = { ay 22), 
fi D 


Exponentiating this last equation gives the required solution: 


ela) = Aexp [5 ri ae ui] ‘ 


for some constant A, 


(b) Using equation (3.7), N and A are related by 


N= i? OS i dziexp [5 ne dy 10) ’ 
0 Jo DJo 


Thus A can be determined from an integral. 


(c) (i) For u(z) = —A, since 


[ dyv(y) = - f dy = —a, 
0 0 


we have 


e(x) = Aexp(—Ax/D). 


(ii) For v(x) = —px, since 
2 2 
[ dy v(y) = -uf dyy =—31 
0 0 
we have 


ela) = Aexp(—pux?/2D). 
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CHAPTER 4 


Solutions of the diffusion 
equation 


4.1 Introduction 


In this chapter we survey many of the methods used to find solutions of the 
diffusion equation, 

Oe . 

ay = DV. (4.1) 
We look at solutions for various types of boundary and initial conditions. 
The physical context in which each of the solutions arises is described. In 
es, it is more natural to think of the function e(r, #) as representing 
a temperature rather than a concentration, and in these cases we replace 
the symbol ¢ by @. 


some ¢ 


We show in detail how to construct solutions of the diffusion equation satis- 
fying appropriate boundary conditions, but we shall not discuss why these 
solutions are unique. However, if the mathematical representation of a ph; 
ical problem is correctly formulated, the solution is expected to be unique, 
so the question of uniqueness need not concern us, Also, some solutions 


are 
od 


obtained as infinite series, but the convergence of these series is not discuss 


in any detail, 


The diffusion equation and the wave equation are both linear partial dif- 
ferential equations, and many of the techniques of solution are common to 
both equations. Separation of variables and Fourier methods are often very 
useful in both cases; other techniques are also used, and many of the meth- 
ods may be familiar from Block I. This chapter is, however, self-contained, 
apart from making frequent reference to Chapter 3 of Block I, which cov- 
ers Fourier series and Fourier transforms. You may find it useful to briefly 
review that chapter before continuing; the sections on the convolution the- 
orem (Section 3.5) and on the Fourier transform of derivatives (Section 3.6) 
are particularly relevant. 


The discussion is organised according to the nature of the boundaries and 
the number of space dimensions of the ‘medium’ (the material body) within 
which the diffusion equation is satisfied. We consider successively an infinite 
medium, a finite medium and a semi-infinite medium. The first two of 
these are self-explanatory; a semi-infinite medium is obtained by dividing an 
infinite space into two infinite regions by a boundary, then taking the region 
on one side of this boundary. The only case of a semi-infinite medium that 
we consider is where the boundary is a flat surface (which we take to be the 
surface « = 0 in Cartesian coordinates), and we shall consider the solution 
of the diffusion equation in the half-space x > 0, The semi-infinite medium 
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can be used to model phenomena close to the surface of a large medium, 
such as temperature variations in the soil close to the surface of the Barth. 


4.2 Diffusion in an infinite medium 


An infinite medium is a region of infinite extent, without boundaries, where 
a particular equation is satisfied. We have already encountered a solution of 
the diffusion equation in an infinite medium in one dimension, in Chapter 3 
(Section 3.7). More generally, if all of the concentration is initially at xg at 
time ¢ = 0, the solution of the diffusion equation for ¢ > 0 is 


(4.2) 


where N is the total number of particles, This solution is verified by checking 
that it solves the differential equation, and has the correct form at ¢ = 0: 
as ¢t + 0 from above, the concentration approaches zero everywhere except 
at z=. Examples of this solution (at different times and with wo = 0) 
were plotted in the previous chapter, as Figure 3.10. The solution should 
be considered undefined for t < 0. This solution could have been achieved 
by inspired guesswork, but it is instructive to see how it can be obtained by 
a systematic approach. This discussion will naturally lead us to a general 
solution of the diffusion equation in an infinite medium. 


The function e(2,t) may be expressed in terms of its Fourier transform with 
respect to @, i.e. 


e(ax,t) = sal. dk Gk, t) exp(ika). (4,3) 


This corresponds to the definition of the Fourier transform given as equa- 
tion (3.24) in Block I, Chapter 3, with both functions depending on an 
additional variable, t. Now we make use of ideas developed in Section 3.6 
of that chapter. If equation (4.3) is substituted into the one-dimensional 
form of the diffusion equation (4.1), and the derivatives are taken inside the 
integral sign, we conclude that é(k,¢) satisfies 


oes) = —Dk* &k,t). (4.4) 


Exercise 4.1 


Show that if é(k:,¢) satisfies equation (4.4), then e(.r, ¢) satisfies the one-dimensional 
diffusion equation. [Hint: Note that 0?/dx? acts only upon the term exp(ikw), and 
that 2 exp(ikw) = —k? exp(iker).] 


The essential point is that the diffusion equation becomes easier to solve af- 
ter taking the Fourier transform. In the Fourier-transformed representation, 
derivatives of c(2,t) with respect to x are transformed into multiplication 
of @(k,t) by powers of the Fourier conjugate variable, k. The Fourier trans- 
form of the concentration then satisfies an ordinary differential equation in 
t rather than a partial differential equation in # and ¢. (Equation (4.4) can 
be regarded as an ordinary differential equation because the only derivative 
present is that with respect to ¢, and k can be treated as if it were a con- 
stant.) This transformation is useful because ordinary differential equations 
are usually much easier to solve than partial differential equations. 


4.2 Diffusion in an infinite medium W17 


Exercise 4.2 


Solve the equation 


dj ‘ 

a =af 

dt 
and use the solution to solve equation (4.4). Express your answer in terms of (kt, 0), 
the Fourier transform of the initial concentration. 


In Exercise 4.2, you should have obtained 
@k, t) = exp(—Dk*t) &(h, 0) (4.5) 


where the function é(k,0) is the Fourier transform of the initial concentra- 
tion, ¢(v,0) (we assume that this Fourier transform exists). This approach 
solves the problem of determining c(,t), provided that we can perform the 
two integrals required for the Fourier transform of ¢(2,0) and the inverse 
Fourier transform of é(k,t). However, there is a more direct and more in- 
tuitive route to the solution, which we discover by applying the convolution 
theorem to equation (4.5). 


According to equation (4.5), é(k,t) may be expressed as a product of two 
known functions of k, namely exp(—Dk?t) and ék,0). Recall the convolu- 
tion theorem, considered in Block I, Chapter 3, Section 3.5, which gives an 
expression for the Fourier transform of a function h = f ®g which is the 
convolution of two functions f(a) and g(a). This states that the Fourier 
transform of h(a) is proportional to the product of the Fourier transforms 
of f and g: h(k) = V2rf(k)g(k). We write equation (4.5) in the form 


(kt) = V2r K(k, t) ek, 0), (4.6) 


and apply the converse of the convolution theorem. We see that the concen- 
tration ¢(a,t) must be the convolution of the initial concentration, e(x,0), 
and another function K(,t) which will be called the propagator: 


(ait) = / “dz Kile —aot)icloo,0)). (4.7) 


Comparison between equations (4.5) and (4.6) shows that the propagator 
K(a,t) is the inverse Fourier transform of a Gaussian function: K(k, t) = 
exp(—Dk?t)/ 2m (we consider only ¢ > 0 throughout). Calculating the in- 
verse Fourier transform, we find that A’(x,t) is also a Gaussian function: 


x 
Kia, t) = x / dk exp(ika) exp(—Dk*t) 
J—c0 


u 2 

Tiraari ae a" /4Dt). (4.8) 
(This Fourier transform pair can be deduced from Exercise 3.16 of Block 
I, Chapter 3, which shows that the Fourier transform of exp(—x?/4Dt) is 
V2Dtexp(—Dtk?). This implies that the Fourier transform of K(2,t), as 
given by equation (4.8), is K(k, t) = exp(—Dtk?)/V2z, as required.) We 
also see that the function K(x — xo,t) corresponds to the special solution 
considered at the start of this section, equation (4.2), divided by the total 
number of particles, N. The propagator, K(x — ao, t), therefore has a simple 
interpretation: it is the probability density function that a particular particle 
reaches position x at time t, given that it started at position ao at time t = 0. 
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The propagator is a very useful concept for treating linear partial differential 
equations which arise in applied mathematics and theoretical physics. It de- 
termines how a ‘field’ (in this case, the concentration) at one point in space 
and time, (ao, to), influences (‘propagates’ into) the solution at another point 
(x,t). Knowledge of the propagator enables solutions to be found for any initial 
condition of the field. In the more general case where there are boundaries or 
where the coefficients of the linear partial differential equation depend upon 
position, the propagator is not a function of the difference between the final 
and initial positions, but depends upon x and ito separately. Similarly, when 
the boundaries move, the propagator can depend upon the initial and final 
times separately. In the case of a general linear partial differential equation in 
one dimension, equation (4.7) would be written in the form 


o(e,t) = f dag K(x, x0, t, to )e(xo, to). (4.9) 


°° 


Later we shall consider cases where the propagator depends upon 2 and ao 
separately, but in all of the examples considered in this course, the propagator 
depends only upon the time difference, t — fp. (In the above, to = 0.) 


Example 4.1 

The partial differential equation 
cn ore 
Ot Ox? 

where D and R are constants, can be used to model the concentration of 

particles which disappear (for example, due to radioactive disintegration). 


It can also model heat flow along a rod, in cases where heat is lost into the 
surroundings. The constant R is called a rate constant. 


Re, 


Determine the propagator for this equation (taking the initial time, to, equal 
to zero). 
Solution 
Fourier transformation leads to an ordinary differential equation for é(h, t): 
Oe 
ot 
which has the solution 
(k, t) = exp[—(Dk? + R)t] ek, 0), 


so K(k,t) = exp[—(Dk® + R)t]/V2m. This differs from the previous case 
only by inclusion of the factor exp(—Rt), which is independent of k, Caleu- 
lation of the inverse Fourier transform proceeds as before, and we obtain 


(—Dk? — R)é, 


The following example and exercises provide practice in obtaining the con- 
centration from a convolution integral. 


4.2 Diffusion in an infinite medium 


Example 4.2 


The error function erf(x) was defined in Chapter 1 (Subsection 1.3.1) by the 
integral 


o: 2 
erf(x) = aE dy exp(—y"). 
0 


Show that the concentration which results from an initial distribution at 
t = 0 whieh is co for 7 > a, and 0 for « < a, is (for t > 0) 


e(2,4) = 360 : ie ot (75) . 


Solution 


Use equations (4.7) and (4.8): 


0 
oa ih dix exp[—(x — ao)?/4Dt] e(ao, 0) 
t Joo 


a) 
VarDt Ja 
where the properties of the initial distribution, e(ay»,0), were used in the 
second equality. Using the change of variable w= (« — a9)/V4D#, this in- 
tegral is expressed in terms of an error function, plus a standard Gaussian 
integral: 


est) = 


ee 
dio exp{—(a — a9)*/4D1), 


i] 
1 
s 


e(x,t) duexp( =u") 
n—a)/VaDt 
n(x—a)/VaDt 


=— duexp(—u") 


Vi Joe 

be Gs ‘ (-a)/ViDt 

© 2 co 2 
=— du exp(—u*) + af duexp(—u*) 

AT tno vi Jo 


Note that the first integral in the penultimate line is equal to one half of 
the standard Gaussian integral discussed in Block 0, Chapter 1, because its 
integrand is an even function. Figure 4.1 shows the concentration for various 
times for this initial condition, in the case where D= 1, c9 = 1 and a=0. 
We see that as time increases, diffusion causes particles to move further into 
the initially empty region <0. 


Figure 4.1 Concentration at successive times when the initial concentration is 
¢o = 1 for x > 0 and zero for « < 0. The diffusion constant is D = 1. 
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Exercise 4.3 


Determine e(x,t) if the concentration at time ¢ = 0 is eo for —L <a < L, and zero Harder exercise 
elsewhere. 


A good way to tackle this problem is to use the result of Example 4.2, together 
with the fact that the diffusion equation is linear. Proceed as follows. 


(a) Introduce a function H (2) which is zero when x <0 and unity when « >0. This function is called the 
Express the initial condition of Example 4.2 in terms of this function. Heaviside function or step 
function; it is useful in 
many areas of applied 
mathematics. 


(b) Now express the initial condition of this problem as a sum of two terms of 
the form b H(z — a), with different values of a and b. 


(c) Use linearity to write the solution at time t. 
Figure 4.2 shows the concentration for various times for the initial condition of 


Exeri 4.3. The diffusion causes particles to spread away from the region in 
which they are initially concentrated. 


Figure 4.2 Concentration at successive times when the initial distribution is a ‘top 
hat’ function. In this example the initial concentration is unity on the interval 
[-2.5, 2.5], and the diffusion constant is D = 1, 


Exercise 4.4 


Determine the concentration at time ¢ if the initial concentration at time ¢ = 0 is 
co(a) = Ag + Ai cos(ka). (Assume Ag > A; > 0, so that the concentration is never 
negative.) 


{Hint: You may assume the integral identity 


[ i da exp(—ax*) cos( Bax) = xp(—F"/4a), 


and recall that cos(A — B) = cos A cos B + sin Asin B.] 


Note that the amplitude of the oscillations in the concentration decrease exponet 
tially with time, decreasing by a factor e when the time increases by r= 1/(Dk*). 


In both of the plots above (Figures 4.1 and 4.2), we set D = 1. If we want 
to understand the form of the solutions for other values of D, these plots 
are still informative. Note that the diffusion constant and time always occur 
in the solutions as the product Dt, so increasing D has the same effect as 
decreasing t by the same factor. For example, if the diffusion constant were 
D = 10, the same curves would be obtained in Figures 4.1 and 4.2, but with 
the time labels changed to t = 0.01, 1 = 0.1 and t = 1. 


4,3 Solution in a finite medium in one dimension 


4.3 Solution in a finite medium in 
one dimension 


Many problems involving the diffusion equation concern situations in which 
diffusion occurs in a finite region. A good example is the flow of heat along a 
metal rod, for which the temperature satisfies the diffusion equation. Let us 
consider a rod with length L and a uniform cross-section, with the thickness 
of the rod being small compared to L. The coordinate « measures distance 
along the rod, with « = 0 and « = L being the ends of the rod (see Figure 
4.3). The distribution of temperature 6 in a homogeneous system has already 
been shown to satisfy the three-dimensional diffusion equation. If the rod is 
thermally insulated along its length so that no heat enters or leaves it (except 
at its ends), the temperature rapidly becomes very nearly uniform across the 
cross-section of the rod, so that the temperature distribution at time t is a 
function of just one coordinate, the distance x along the rod. It takes a much 
longer time for the entire rod to reach the same temperature; during this 
time the temperature satisfies a one-dimensional diffusion equation (because 
the derivatives of 6 with respect to y and 2 are negligible), 


thermal insulation metal bar, temperature O(x,1) 


“Y 


Figure 4.3 ‘The temperature distribution O(«,t) of a thermally insulated metal bar 
obeys the one-dimensional diffusion equation 


Heat loss can be reduced by surrounding the bar with a material with very 
low thermal conductivity, such as polystyrene foam. In practice, the one- 
dimensional diffusion equation is also a fair model for a heavy rod (such as 
a poker), made from a metal such as steel which is a good conductor of heat, 
suspended in air, as illustrated in Figure 4.4, This rod would be described as 
being thermally isolated, because the air has little capacity to absorb and carry 
away heat, rather than thermally insulated. 


temperature A(x.) 


ee 


— 


Figure 4.4 A metal rod is heated non-uniformly, and we follow how the 
temperature at different positions changes after the heat source is removed. The 
temperature in a long, thin, thermally isolated rod rapidly becomes uniform 
across its cross-section. The temperature distribution 0(x,t) then obeys the 
one-dimensional diffusion equation. 


This problem of determining how the temperature of a solid body varies with 
position and time has an important place in the history of mathematics. Fourier 
series were originally invented to solve just this problem, the flow of heat in 
a finite system. Fourier’s work was rather more general than our approach, 
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because he also treated loss of heat from the rod to its surroundings, using the 
partial differential equation introduced in Example 4.1. 


Now we consider the method for solving the diffusion equation in this finite 
system. The temperature at position « along a thermally insulated bar is 
initially 0o(a) at time t= 0. The ends of the bar are assumed to be at 
x =0 and at ¢=L. The aim is to calculate the time dependence of the 
temperature for each position along the rod, described by a function of two 
variables, O(a, t). 


rt by describing all of the information we have about the problem, as 
strated in Figure 4.4, in mathematical terms. We shall assume that the 
initial temperature of the rod at time t = 0 is known, and that it is given 
by a function (x). We know that the temperature distribution satisfies 
the one-dimensional diffusion equation. Also, because the bar is thermally 
isolated, there is no heat flow at the ends of the bar, at « =0 and x = L. 
Because the heat flow is proportional to the temperature gradient, 00/x is 
equal to zero at those points. The temperature distribution 6(x, 1) therefore 


satisfies 
00 Po Fea ; +d for 
has Daa (diffusion equation, valid for t > 0), 
0.0) = aa(L,2) =0 (boundary conditions, valid for ¢ > 0), eo) 


O(x,0) = Oo(x) (initial condition at t = 0), 


The statement of the problem in equations (4.10) thus involves three ele- 
ments: these are the partial differential equation, the boundary conditions, 
and the initial conditions. 


Partial differential equations are difficult to solve, and it is a good idea to 
attempt to simplify the problem by reducing it to ordinary differential equa- 
tions. We use the method of separation of variables. This was introduced 
in Block I, Chapter 2 as a method for solving the wave equation, but you 
will see that the same procedure works for the diffusion equation. 


4.3.1 Separation of variables 


We write 0(x,t) as a product 

O(a, t) = f(x) g(t), (4.11) 
where f and g are two functions which are to be determined. Equation 
(4.11) is substituted into the diffusion equation in order to discover what 


must be required of the unknown functions f and g. The resulting equation 
can be arranged in the form 


gt) t) (4.12) _ Primes denote derivatives: 
g(t) f(x) = df/de, ete. 


Note that the left-hand side of equation (4.12) is a function of t only, but 
the right-hand side is a function of x only. These statements imply that 
both sides of the equation are constant, independent of both « and t. This 
constant is called the separation constant. We shall initially assume that the 
separation constant must be negative or zero, and it is convenient to write 
it as —Dk?, where k is a real number to be determined. The functions Hi 
and g therefore satisfy the independent ordinary differential equations 


f" +e fF =0 (4.13) 
and 


g' + Dk°g =0. (4.14) 
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For k # 0, these equations have solutions f (2) = Acos(ka) + B sin(kx) (where 
A and B are constants) and g(t) = exp(—Dk?t). In the special case where 
k =0, we have f(7) = A+ Bx, and g = 1. Note that because f(x) and g(t) 
occur as a product in solution (4.11) for @(a,¢), the arbitrary constant of in- 
tegration coming from equation (4.14) for g(t) is absorbed into the constants 
A and B appearing in the solution for f(a). 


4.3.2 Identifying eigenfunctions 


Having identified the functions f(x) and g(t), we now consider the bound- 
ary conditions, The solution @(a,t) = f(a)g(t) should sat 00/dx = 0 at 
a =0 and at x = L. This implies that the elante J'(x) must equal zero 
at these points: that is, the function f(a) should satisfy he boundary condi- 
tions f’(0) = f’/(L) = 0. The functions f(a) isfying both the differential 
equation (4.13) and the boundary conditions are called eigenfunctions, and 
the corresponding values of k? are the eigenvalues of equation (4.13). 


The condition f’(0) = 0 can be satisfied only if B = 0,80 f(a) = Acos(ka), 
The condition f’(L) = 0 is then satisfied by choosing k such that kL = nz, 
with n = 0,1,2,3,.... The eigenfunctions are therefore f, (2) = Acos(nmx/L), 
and the eigenvalues are k? = (n7z/L)?. Note that this solution is valid when 

, So that k = 0 and f(x) = A, corresponding to the special case (k = 0) 
mentioned above. 


n= 


The method of separation of variables thus leads to a set of solutions of the 
form 


O(a, t) = Ay cos(kna) exp(—Dk?t), kn = 


nt 


n=0,1,2,..., (4.15) 


where each A), is an undetermined constant, and we have used the expression 
for g(t) quoted below equation (4.14). 


We should briefly consider whether other acceptable solutions could be ob- 
tained by taking a positive separation constant, +Dk*, say. This choice 
would lead to a solution of equation (4.14) of the form exp(Dk*t), which 
is exponentially increasing, contrary to expectations from everyday expe- 
rience (and the laws of physics), which suggest that temperature differ- 
ences between different parts of the rod should decrease. A more com- 
pelling reason for rejecting the positive separation constant comes from 
considering the form of the spatial dependence, which becomes f(x) = 
acosh(kx) + bsinh(kx). The boundary condition f’(0) = f/(L) = 0 cannot 
be satisfied for any value of k other than k = 0 (apart from in the trivial case 
where a = b= (0). The case k = 0 corresponds to f(a) = constant, which is 
the n = 0 case of the si solutions given in equations (4.15). 


4.3.3 General solution 


Because the diffusion equation is a linear equation, a general solution is 
obtained as a linear combination of the solutions (4.15). A general solution 
of the diffusion equation satisfying the boundary conditions for ¢ > 0 is 


O(a, t) = yo cos (=) exp (=) : (4.16) 


n=0 


Note that the exponential factors exp(—Dk?t) result in all of the tempera- 
ture differences decréasing over time, with the components with more rapid 
spatial variation (those with larger values of k,,) decreasing more rapidly. 
The same exponential factor was seen earlier, in Exercise 4.4. 
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Exercise 4.5 


Check that equation (4.16) does both the diffusion equation and the bound- 
ary conditions at both a = 0 and x = L. 


4.3.4 Orthogonality relation 


The coefficients A, in equation (4.16) remain to be determined. This is done 
by choosing them so that the initial condition at t = 0 is satisfied. Setting 
t = 0 in equation (4.16) gives an expression for 49(a) = (2,0) in the form 


00(z) — An cos (= ; 


n=0 


™) ; (4.17) 


This can be recognised as a Fourier series, of the form introduced in Block 
I, Chapter 3, equation (3.1); here the period is 2Z, and all of the b, co- 
efficients are zero. Formulae for determining the Fourier coefficients using 
orthogonality relations were discussed in Block I, Chapters 2 and 3. For this 
Fourier series, we have the orthogonality relation 


2-bno f? nme mmr “ 
3 2 | de cos ( L ) 0s ( L ) = Gam: (4.18) 


(The multiplier is 2/L when n 4 0 and 1/Z when n = 0; the Kronecker delta 
symbol is used here so that the case n = 0 can be covered without writing a 
separate equation.) This can be checked by calculating the integral directly. 
but Section 4.4 will discuss a more direct and more fundamental approach 
to demonstrating orthogonality relations. 


4.3.5 Calculation of Fourier coefficients 


We can now calculate the Fourier coefficients in equation (4.17). We multiply 
both sides by fi,(a) = cos(mmx/L), integrate, and use the orthogonality 
relation (4.18); 


i da 9o(x) fm(«) = oie dx cos(nmx/L) cos(mma/L) 
0 


n= a 


Sta 
By iy Om = Fae (4.19) 


n=0 


So (replacing the index m with n) the Fourier coefficients are 


Di L 
A= — if dix cos (= (a). (4.20) 


Having determined the coefficients A, we have a solution (equation (4.16)) 
which satisfies all of the requirements listed in equations (4.10). The solution 
is in the form of an infinite series. We shall not consider the convergence of 
this series in detail, but we note that for any positive value of ¢, the factors 
exp(—7?n? Dt/L?) in equation (4.16) make the terms decrease very rapidly 
as n — oo. Therefore, for positive times, the series in equation (4.16) always 
converges nicely. 
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Exercise 4.6 


Obtain the coefficients A,, in the case where @9(x7) = x on the interval 0 < a < L. 
{Hint: A similar Fourier series was obtained in Block I, Chapter 3, Exercise 3.6.] 


Exercise 4.7 


A steel poker of length L has one end in a fire and the other end in a bowl of water. 
It reaches a steady state, in which 00/0t =0. Assuming that the temperature 
obeys the diffusion equation, show that the general form for O(a) in this case is 
O(a) = 0+ a(x —4L), where @ and a are constants. Note that @ is the mean value 
of the temperature of the poker. 


(Hint: This is nothing to do with Fourier series: just write down and solve the 
diffusion equation for the steady state, with 00/0t = 0.] 


Exercise 4.8 


The poker in the previous exercise is removed from the ‘source’ and ‘sink’ of heat 
(i.e. the fire and the water, respectively), and is immediately placed in a thermally 
insulating environment, Show that the time-dependence of the temperature from 
the moment the poker becomes thermally isolated is given by 


© oh [1 —(—-1)" pint : 
A(2,t) = - > = iE it Lexp (—" Tr) ows (2). 


n=1 


Note that only terms with n odd contribute to the sum. Use the substitution 
n = 2k +1 to re-write the summation in a form with no terms which are identically 
zero, 


The temperature of the poker in Exercise 4.8 is plotted in Figure 4.5 for 
three different times. 


O(xe 
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Figure 4.5 The temperature in a thin, thermally isolated metal rod, which initially 
has a uniform temperature gradient, where the thermal diffusion constant is 
D=1, length is L = 1, temperature gradient is a = —1, and average temperature 
is6 =} 

The example of a metal rod with an initially uniform temperature gradient 
illustrates a subtle point about the representation of functions by Fourier 
series. In this example, the temperature gradient at the ends of the rod is 
initially a. However, the temperature 09(2) was represented by a Fourier 
series in the form of a sum of cosines, each term of which has a derivative 
which vanishes at x = 0 and at « = L. It therefore appears that the infinite 
sum of the Fourier series can have a property which is not present in any 
of its component terms, or any finite sum of the first N terms, no matter 
how large we make N. Understanding such subtleties of the convergence 
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of Fourier series was a stimulus to refine pure mathematical analysis in the 
nineteenth century. 


soon as the rod is made thermally isolated, there is no flux of heat at 
its ends. At any instant after the rod has been disconnected from the heat 
source and heat sink, the temperature gradient at the ends must be zero. 
This effect is clearly visible in Figure 4.5, where the solution after the very 
short time ¢ = 0.01 is very close to the f = 0 initial condition, except at the 
ends of the rod. 


4.4 Orthogonality of eigenfunctions 


You may have encountered the term ‘eigenvalue’ when studying matrices, 
and the term ‘orthogonal’ may be familiar from studying geometry or vee- 
tors. This section explains the connection between the older uses of these 
terms and their use in discussions of solutions of differential equations. 


In Section 4.3 and several places in Block I we have seen that eigenfunctions 
of differential equations have an orthogonality property, which proves very 
convenient when determining the coefficients of the general solution, Until 
now, these orthogonality relations have been discussed on a case-by-case ba- 
sis, and you may have wondered whether there is any general principle which 
implies that the eigenfunctions are always orthogonal. This section shows 
how the orthogonality relation discussed in Section 4.3 can be obtained 
without calculating an integral. The method can be adapted to many other 
problems involving solving ordinary and partial differential equations. In 
fact, it is often possible to show that the sets of eigenfunctions are orthogo- 
nal, even in cases where they cannot be calculated exactly. 


4.4.1 Eigenfunctions and eigenvalues 


Although the term eigenvalue may already be familiar from studying ma- 
trices, in greater generality, eigenvalues are properties of linear operators, 
which include matrices. 


An operator, denoted by A, takes a function f and maps it to another 
function, g = Af. A linear operator A has the property that if f), fo are 
two functions, and a), a2 are two constants, then 


A(aa fi + a2f2) = Af, + a2A fo. (4.21) 


An example of a linear operator acting on a function f(x) is differentiation: 
Af is the function df/dx. Another example is multiplication by another 
function a(a), so that Af is the function a(x) f(z). 


An eigenfunction of A is a function f which satisfies 
Af =Af (4.22) 


for some constant A, which is called an eigenvalue. We say that f is an eigen- 
function of A associated with the eigenvalue \. Often, additional conditions 
(such as boundary conditions) are imposed upon the function f. 


An N x N square matrix A can be regarded as a linear operator, in the 
sense described above. In this case the functions f correspond to vectors. 
A vector x with N elements 2, i= 1,...,N, can be regarded as a mapping 
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or function from the ordered set {1,...,.N} to the ordered set {21,..., cy}. 
The eigenvalues \ and eigenvectors a of the matrix are defined by 
Az'= Am: (4.23) 


This is a special case of the previous equation, so eigenvectors of matrices 
are simply a special case of eigenfunctions of linear operators. 


4.4.2 Orthogonality of functions 


Now let us consider why two functions are said to be orthogonal if the 
integral of their product is equal to zero. Two lines are said to be orthogonal 
if they are at right angles. If these two lines are represented by the vectors 
a and 6 (i.e. vectors aligned along the directions of the lines), the condition 
for the lines to be orthogonal is that the scalar product of the two vectors 
is zero: 


3 
a-b=)>ajb; =0, (4.24) 
i=1 


where the a; and b; are the components of the vectors a, and b respectively. 


Two functions f and g are said to be orthogonal (on the interval (0, L]) if 


L 
il dx f(x) g(x) =0. (4,25) 
70 

When dealing with linear operators, it is often helpful to think of the func- 
tions they act upon as being vectors in an infinite-dimensional space. The 
analogy with equation (4.24) becomes clear if the integral is approximated 
by a sum. Introduce two vectors f, and g, of dimension N = Int(L/e) (i.e. 
N is the integer part of L/e) with elements 


fi=VefG), 9) =Veglie), F= 11M, (4.26) 
80 
N 
fea =>) fie) ge. (4.27) 


j=l 
Then, from the usual definition of an integral as a limit, we have 
L 
[ de: f(x) glx) = lim Fe-9., (4.28) 
J0 ‘oe 


so the integral in equation (4.28) may be thought of as a scalar product of 
two infinite-dimensional vectors. It is then natural to define functions to be 
orthogonal if the integral of their product vanishes. 
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4.4.3 Orthogonality relation 


In Section 4.3 we derived the eigenfunctions f,,(a) which arise when finding 
the temperature distribution in a thermally isolated rod. If we normalise 
these eigenfunctions such that 


L 
i dz |f,(x)|? = 1, (4.29) 
0 


the normalised eigenfunctions are 


ee ese Ono _ (ume = 
fa(z) = A ae cos (=) , n=0,1, 


(4.30) 
These eigenfunctions are orthonormal, and satisfy 
L 
[ dexhule) ft) = bum (4.31) 
Jo 


which is equivalent to equation (4.18). This can be checked by calculat- 
ing the integral directly, but there is an alternative method, which allows 
us to demonstrate that eigenfunctions of certain differential equations are 
orthogonal, even when we cannot write down formulae for the solutions. 
(This approach will be developed further in Section 4.5.) The idea is to 
obtain the orthogonality relation directly from the differential equation and 
boundary conditions satisfied by f(x), without having to evaluate the in- 
tegral. Let f,(a) and fy,(«) be solutions of the differential equation, such 
that fl” + k2 fn =0, £,(0) = fi(L) = 0, and fy, satisfies the same relations 
with a different separation constant k?, 4 k2. Now consider an integral Inn 
defined by 


“L 
T= | dex [fn () F(t) = Jin 2) fC) (4.32) 
0 
We note that 


d a / ” 0 
a Ln) Fn ©) = fin) fn(@)] = Fn(@) Sin(®) = fin) fn (a), (4-33) 
so we can integrate equation (4.32) to obtain 


Inm = [Fal)fin(@) — dnl) fi(e)]o « (4.34) 


The boundary conditions imply that Inm = 0, because f/ (a) and f/,(a) are 
zero at x = (0 and x= L. We can also simplfy the expression for Jj, in 
equation (4.32) by using the differential equation to write f” = —k? f,, and 
similarly for f,,, 80 equation (4.32) becomes 


- L 
Tom = (82 - #2) i dx fala) frn(2) =0. (4.35) 


We conclude that if ky # km, the solutions f, and f,, are orthogonal for the 
interval on which the differential equation is considered. This approach will 
work in many other problems involving linear partial differential equations, 
enabling us to show that eigenfunctions are orthogonal, without doing a 
detailed calculation. The case where n = m in equation (4.31) must be 
checked separately by a direct calculation of the integral. 
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4.5 Diffusion in a finite medium in 
two and three dimensions 


Next we consider how to treat diffusion of heat or particles in a finite 
medium in two and three dimensions: the same methods are applicable 
in both cases, but we must interpret symbols representing vectors as two- 
dimensional (r = (x, y)) or three-dimensional (7 = (ir, y, 2)) objects accord- 
ing to the context. We discuss the problem in terms of the flow of heat in a 
thermally isolated system, and solve the diffusion equation for the temper- 
ature 6(r,t). Exactly the same approach is applicable to describing the dif- 
fusion of particles using a concentration e(r,t). We shall follow the method 
used in the one-dimensional case as closely as possible. You will see that 
this leads to an interesting generalisation of the notion of Fourier series. 


4.5.1 The Helmholtz equation 


Consider the problem of determining the temperature distribution inside a 
thermally isolated piece of material in three dimensions. The initial tem- 
perature distribution is assumed to be known. The boundary-value problem 
now takes the form 


differential equation: 9% = DV4, t>0; 
boundary condition: V0-i =0, ¢> 0 and r on the boundary; > (4.36) 
initial condition: O(r,0) = Ag(r). 


These equations are a natural extension of the one-dimensional case, equa- 
tions (4.10). The first line specifies that @(r.t) obeys the diffusion equation 
for all t > 0 and all positions inside the volume V. 


The second line of equations (4.36) specifies the boundary condition that the 
gradient of the solution in the direction of the normal to the boundary is zero. 
(Here fi is the unit vector normal to the boundary.) Unless otherwise stated, 
we assume that the boundary of the region is smooth, so the outward normal 
fi is well defined. This condition holds for all positions on the boundary, 
and for all positive times. This boundary condition is a consequence of the 
system being thermally isolated (that is, not transferring heat to or from 
its surroundings). If no heat flows to or from the surroundings, the flux of 
heat across every element of the surface is zero, and Fourier’s law (Chapter 
3, Section 3.6) implies that the gradient of the temperature in the direction 
normal to the surface is zero everywhere on the surface. Sometimes the 
notation 0@/On is used for this ‘normal gradient’. 


The third line of equations (4.36) specifies the initial condition that @ = @o(r) 
at time t = 0. (The initial distribution, 09(1), is arbitrary, and the boundary 
condition need not be satisfied by the initial condition in cases where heat 
has been flowing into a region which is suddenly made thermally isolated at 
time t= 0. A one-dimensional version of this situation was exemplified in 
Exercise 4.8.) 


The solution follows the one-dimensional case in that it uses the method of 
separation of variables, but there are some differences. The first step is to 
separate variables, writing a trial solution in the form 


O(r,t) = g(t) f(r). (4.37) 
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Substitution into the diffusion equation, and repeating the argument for sep- 
aration into two independent equations, shows that f satisfies an equation 
analogous to (4.13), of the form 


Vf +Af =0, (4.38) 


where A is a real constant. This equation is known as the Helmholtz equation. 
The function g(t) satisfies the equation g’ + DAg = 0, as before, except 
that we have changed the name of the separation constant from k2 to \. 
The Helmholtz equation also arises in solving the three-dimensional wave 
equation, after separating out the time-dependent part of the solution. 


Exercise 4.9 


Derive equation (4.38) and the corresponding equation for g(t). 
——  _ 


Hermann von Helmholtz (1821-94) obtained his equation by applying separa- 
tion of variables to the wave equation. Helmholtz made lasting contributions 
to many areas of science, including the physiology of the eye, ear, larynx and 
nervous system, thermodynamics, fluid dynamics, acoustics, and electromag- 
netism. 


We ensure that (r,t) satisfies the boundary condition by requiring that 
solutions of the Helmholtz equation satisfy the boundary condition. That 
is, we require that the gradient of the function f in the direction normal 
to the boundary is zero. Mathematically, this is expressed by stating that 
Vf +i = 0 for every point on the boundary, where fi is a unit vector normal 
to the boundary at that point. This is called a Neumann boundary condition. 
It is a fact that solutions of the Helmholtz equation satisfying this boundary 
condition can be found only for a discrete set of non-negative values of 
A. (This is hard to prove, but will be illustrated by an example later.) 
These values will be denoted by an integer subscript, labelling the \) as an 
ascending sequence, which starts from mn = 0. There are an infinite number 
of these values A, for which solutions of the Helmholtz equation satisfying 
the appropriate boundary condition can be found. These values, An, are 
known as the eigenvalues of the Helmholtz equation, and the corresponding 
functions f,(r) are called the eigenfunctions. The set of eigenvalues is called 
the spectrum. 


Exercise 4.10 


In the case of the one-dimensional example treated in Section 4.3, which equation 
corresponds to the Helmholtz equation? What are the eigenfunctions and eigenval- 
ues? 
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4.5.2 A solution of the Helmholtz equation in two 
dimensions 


There is no general technique for finding exact solutions of the Helmholtz 
equation in two or three dimensions which will always be successful. Solu- 
tions of the Helmholtz equation have been obtained by separation of vari- 
ables in a limited number of cases. The approach works for systems with 
boundaries in the form of simple geometrical shapes (rectangular boundaries 
and those with circular or spherical symmetry), which are often the cases 
of most interest in applications. For a system with an irregularly shaped 
boundary, you would have to use a computer program to find numerical 
approximations to solutions of the Helmholtz equation. 


In two dimensions, the limitations on finding exact solutions of the Helmholtz 
equation have been studied in detail. Exact solutions are available for the 
rectangle, the circle, the ellipse, and three triangles (equilateral, 45-90-45 and 
60-30-90). Even for a shape as simple as a triangle with other choices of 
angles, it is known that no exact expression for the eigenvalues of the Helmholtz 
equation can exist. 


We now consider the solution of the Helmholtz equation by separation of 
variables for a rectangular domain in two dimensions, with the boundary 
condition Vf-+n = 0, where the sides of the rectangle have lengths a and 
b. A very similar problem in Block I discussed the solution of the two- 
dimensional Helmholtz equation arising from separation of variables for the 
wave equation. 


We need to determine functions f(a, y) which satisfy the Helmholtz equation 


oe 

ot ees y= (4.39) 
ar Oy? 

in the region 0 < a <a, 0 < y <6, with the boundary condition n-Wf = 
0. These eigenfunctions exist only for certain choices of A, which are the 
eigenvalues of the problem. 


Consider how to describe the boundary condition in a specific form. The 
boundary consists of four segments and four corners (illustrated in Figure 
4.6), and the boundary condition takes a different form on each boundary 
component. The four segments (excluding the corners) are as follows. 


Segment | 


The line segment « = 0, 0 < y <b. The normal may be taken to be n = — 
(The sign is arbi y here, but we quote the choice of sign which makes ni 
point outside the rectangle.) The gradient vector V/f is expressed in terms 
of partial derivatives of fy so the boundary condition V f-n = 0 becomes 


i)4 Se lies (4.40) 


This condition must be satisfied at all points along the line segment. The 
boundary condition on this segment is therefore 


of z 
Fp = 0: O<y<d. (4.41) 
Segment 2 


The line segment y = 0,0 < a <a. On this segment i = —j, and the bound- 
ary condition is 0f/Oy = 0. We therefore require 


=—(z,0)=0, 0<2<a, (4.42) 
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Segment 3 


The line segment 2 =a, 0 <y <b. Here ii 
is the same as for segment 1, except that x 


of 


and the boundary condition 


=-(a,y)=0, O<y<b. (4.43) 
Ox 
Segment 4 
The line segment y = b, 0 < x <a, Here i = j and the boundary condition 
is 
ta) 
he b)=0, O<ax<a. (4.44) 
Oy 
Corners 


Corners pose a problem because fi is ill-defined on these. However, if Vf 
vanishes on these corners, then the appropriate (zero heat flux) boundary 
condition is satisfied. Consider two points very close to a corner, situated 
on either side of it, so that the normals are in two perpendicular directions. 
At each of these points the normal gradient vanishes, in two perpendicular 
directions. We make both points approach the corner, so that there is a 
point at which Of/Ax = 0, which is arbitrarily close to a point at which 
Of /Oy = 0. If we assume that the function f(a.y) is twice differentiable, 
both components of Vf must approach zero (as required) as we approach the 
corner. You can check that the solutions we obtain do satisfy this criterion. 


segment 4 


segment 3 


0 segment 2 a x 


Figure 4.6 We consider the solution of the Helmholtz equation (V? + A)f = 0 on 
the interior of the rectangle 0 < a <a, 0 < y < b, satisfying the Neumann 
boundary condition Vf + fi = 0. The boundary condition is considered separately 
for the different segments of the boundary. 


We need solutions which satisfy the boundary condition everywhere on the 
boundary, implying that all four of these conditions must be satisfied. We 
guess that the method of separation of variables might work, and write 


f(x,y) = X(x) ¥(y). (4.45) 


Substituting this expression into the Helmholtz equation gives X”Y + XY" + 
AXY = 0. Dividing by XY gives 

1 @X eee 

So=-s a 4.46 

X dx? Y dy? (249) 
The left- and right-hand sides of this relation are independent of y and x, 
respectively, and are therefore equal to a constant. Based on our expe- 
rience with one-dimensional problems, we anticipate that negative or zero 
values of the new separation constant will produce sinusoidal solutions X (a) 
which can satisfy the boundary conditions. If you wish, you can check that 
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the solutions found for a positive separation constant cannot satisfy the 
boundary conditions. We also expect that Y(y) should have sinusoidal solu- 
tions. We write the separation constant for equation (4.46) as —k2, and set 
ky = /\— 2 (assuming that \—k? > 0), s0 \=k2 + ke. We then have to 
solve two equations: 

X"+h2X=0, Y"+hY =0, (4.47) 
These equations have sinusoidal solutions, X («) = Xj cos(k,2) + X2sin(k,a) 
and Y(y) = Yi cos(kyy) + Yasin(kyy), where X;, X», Yi, Y2 are constants. 
In terms of the functions X(a) and Y(y), the boundary conditions are 

segment 1: X’(0) Y(y)=0, O0<y <b; 

segment 2: X(r) ¥'(0)=0, 0<a<a; 

segment 3: X’(a) Y(y)=0, 0<y <b; 

segment 4: X(ax) ¥/(b)=0, 0<a@<a. (4.48) 
These conditions are satisfied by requiring that X and Y satisfy 

X'(0)=X(a)=0, Y'(0)=Y¥'(b)=0. (4.49) 


The functions X and Y therefore satisfy Neumann boundary conditions, as 
in the one-dimensional case (see page 122): the equation X” + k2X =0 is 
solved satisfying X"(0) = X/(a) = 0, and Y" + kZY = 0 is solved satisfying 
Y'(0) = ¥’(b) = 0. Comparing with the one-dimensional case, L is replaced 
by a for X(«) and by b for Y(y). Thus, solutions for X (x) and Y (y) satisfying 
these boundary conditions are 


X(x) = cos (=) ,  ¥(y) =cos (=) ' (4.50) 


where n, m are integers labelling the solutions, (We take n and m to be non- 
negative, to avoid giving two labels to the same solution.) The constants ky, 
ky are, respectively, n/a and m7/b. Because equations (4.47) are linear, 
these solutions can be multiplied by arbitrary constants. 


Taking products of these functions, the eigenfunctions of the Helmholtz 
equation on the rectangle with Neumann boundary condition are therefore 
nee mary 
faym(t9) = Cam 00s (==) cos (=), (4.51) 
where each C,,,, is an arbitrary constant. The corresponding eigenvalues of 
the Helmholtz equation for our rectangle are \ = k? + ae In terms of the 
two integers n, m labelling the eigenfunctions, these are 


dam = (2)* + (S)’, SON Onset OUP e bs 


In this example it was natural to use two integers n,m to label the eigenval- 
ues \. In cases where the Helmholz equation cannot be solved by separation 
of variables, the eigenvalues cannot be labelled in a natural way by pairs 
of integers. It is always possible to rank the eigenvalues by their size, and 
then label them by a single index, namely the order in this list. To account 
for this more general case, in some expressions below we shall use a single 
summation sign when we sum over eigenvalues. 


(4.52) 


Sometimes there are two or more distinct (that is, linearly independent) 
eigenfunctions f(r) which have the same eigenvalue 4. In cases where there 
are two or more linearly independent eigenfunctions corresponding to a par- 
ticular eigenvalue, that eigenvalue is said to be degenerate. If just two lin- 
early independent eigenfunctions have the same eigenvalue, the eigenvalue 
is said to be doubly degenerate. 
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A set of N functions f;(a) 
is linearly independent if 
there are no (non-trivial) 
combinations of constants 
ay such that 

SN, ai fia) = 0 for all x. 
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Exercise 4.11 


Show that there are degeneracies in the spectrum of the Helmholtz equation with 
a Neumann boundary condition on the rectangle in the case where all the sides are 
of equal length (so that the region is square). Are there other cases where there 
are degeneracies? 


Exercise 4.12 


Show that the function f(a) = exp(ikw) is an eigenfunction of the differential oper- 
ators d/dx and d?/dr*. If the function must satisfy the periodic boundary condition 
f(a +a) = f(x) for all «, what are the eigenvalues and the spectrum of each of these 
operators? Are there any degeneraci 


4.5.3 Orthogonality and generalised Fourier series 


Returning to the solution of the diffusion equation in two or three dimen- 
sions, a general solution satisfying the appropriate boundary condition may 
be constructed from the eigenfunctions and eigenvalues of the Helmholtz 
equation. Consider a linear combination of solutions of the form (4.37). The 
function g(t) satisfies g’ + DAg = 0, which has a solution g(t) = exp(—DAt). 
We therefore have solutions of the form 


O(r,t) = Soa Fn(r) exp(—DAnt), (4.53) 
n=) 
where the sum includes all eigenfunctions f,(7r) and their associated eigen- 
values Ay,, including cases where the eigenvalues are degenerate. 


This solution satisfies the boundary conditions that were imposed upon the 
eigenfunctions f,(r) of the Helmholtz equation. The coefficients a), are de- 
termined by the requirement that this solution reproduces @(r) at time 

= 0. It is not immediately clear how (or whether) this can be achieved. 
Answering this question requires a discussion of the properties of the eigen- 
functions of the Helmholtz equation, which will lead to a powerful generali- 
sation of the concept of Fourier series. 


In discussing properties of the f,(7), it will be assumed that the correspond- 
ing eigenvalues A,, are distinct. This requirement is usually satisfied if the 
boundary has no symmetry properties, but it is not satisfied in many cases 
where there is a high degree of symmetry (such as the circular symmetry of 
a cylinder or if the boundary is a square or rectangle with rationally related 
side lengths). The eigenfunctions may be multiplied by any constant and re- 
main solutions of the Helmholtz equation satisfying the Neamann boundary 
condition. We shall assume that the eigenfunctions are real-valued functions, 
and that the multiplying constant is chosen so that: 


[ a [fa(r)? = 1, (4.54) 


where V is the region within which the function f,(1) satisfies the Helmholtz 
equation. Higenfunctions satisfying equation (4.54) are said to be nor- 
malised. In the following discussion we shall assume that the eigenfunctions 
haye been normalised. 


We shall now show that the eigenfunctions also have an orthogonality prop- 
erty: they satisfy 


[Virrinir) =0 (4.55) 


Note that here A,,, ete., are 
labelled by a single index 
to account for more general 
situations, 


Note that the 
normalisation condition is 
different from that 
oceurring in probability 
theory, because here we 
integrate the square of the 
function. 
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(provided n 4m). This will be demonstrated using a generalisation of the 
argument given in Subsection 4.4.3. Consider the integral 


fam = [AV (Su0*m— Jn?) (4.56) 
For any doubly differentiable scalar fields f and g, we have 
V-(F V9) = {Vg + VF-V9. (4.57) 


(This is an example of the result of Exercise 3.12, page 91, where we take 
a=f, F = Vg.) Using this result, we can write /;,, as an integral of the 
divergence of a vector field: 


Tam WV V(fnV fin — fm fn). (4.58) 


Using Gauss’s theorem we can write J, as a surface integral over the surface 
S which is the boundary of the volume V: 


Jam = ff dS+(f4 fm — Sn V In) = 0. (4.50) 
Ss 


The surface integral is equal to zero because of the boundary conditions 
which are satisfied by the eigenfunctions f;,(r) and f;,(r): the gradient 
of both of these functions in the direction f normal to the surface is zero 
everywhere on the surface, and because dS is in the same direction as n, we 
have V f,-dS = 0 everywhere on the surface. 


Using the fact that both f,(7) and f,,(7) satisfy the Helmholtz equation, 
the original expression for the integral Jj, equation (4.56), can also be 
written 


Im = (hum) f dV falP) nl (4.60) 


Jomparing equations (4.59) and (4.60) shows that the integral of the product 
fn(v)fm(r) over the region is zero when A, # A. Functions satisfying this 
property are said to be orthogonal. 


Assuming that all of the , are distinct, and imposing the normalisation 
condition (4.54), the eigenfunctions f,,(1) satisfy 


ne _ fl, n=m, 
M dV fa(r) fm(r) = nm = _ eore (4.61) 


Sets of functions satisfying equation (4.61) are said to be orthonormal. that 
is, both orthogonal (for n 4 m) and normalised (for n =m). Note that this 
equation can be regarded as a generalisation of a result which was crucial in 
the development of Fourier series; see Block I, Chapter 3, equation (3.10). 


In Block I, Chapter 3, the functions f,(m) are complex-valued (as opposed 
to real-valued, one of the assumptions leading to equation (4.61). In Block 
I, Chapter 3, the normalised functions are fy (sx) = exp(2rinx/L)/VL, and 
in order to deal with the complex values taken by fy(:c), in equation (4.61) 
Jm(a) is replaced by its complex conjugate, f%, (2°). Nothing more will be said 
about how the above discussion needs to be modified to allow for complex- 
valued functions f, (rr), as in this section on higher-dimensional generalisations 
of Fourier series, only real-valued functions f,,(r) will be encountered. 


Now we return to the problem of determining a solution of the heat equation, 
which has been obtained in the form (4.53) with the Fourier coefficients a, 
as yet undetermined. We shall assume that any function of interest (without 
specifying this set of functions precisely) can be expressed as a linear com- 
bination of the eigenfunctions f,(r). This property of the eigenfunctions is 


Discussed in Block 0, 
Chapter 2, but see also 


Subsection 
block. 


3 of this 


135 


136 Chapter 4 Solutions of the diffusion equation 


termed completeness. With this assumption, the initial condition is to be 
written as a linear combination of the f,(7): 


20 
(7) = 3° an flr). (4.62) 
n=0 
(This can be viewed as a generalisation of the Fourier series, as introduced 
in Block I, Chapter 3, equation (3.6), with the functions f,(r) replacing 
the exponential functions exp(27inw/L)/VL.) To determine the Fourier 
coefficients a,, we follow a procedure similar to that for the usual Fourier 
series: after relabelling the index n in equation (4.62) by m, we multiply 
equation (4.62) by f(r) and integrate over the volume V: 


Es 5 
J avo00r solr) = Yo am ff aV ford falr): (4.63) 
m=0 \ 
Equation (4.61) shows that the only integral in the sum which does not 
vanish is that for which m=, and this integral is unity. It then follows 
that 


ay = i dV O0(r) fn(r). (4.64) 
i 


This establishes the values of the coefficients a, in equation (4.62), Sub- 
stitution of these coefficients into equation (4.53) gives the solution of the 
diffusion equation, satisfying all of the conditions of equations (4.36). 


The method described above followed the one-dimensional case quite closely, 
by introducing a broad generalisation of the idea of Fourier series, in which 
functions are expressed as linear combinations of eigenfunctions satisfying 
a differential equation and certain boundary conditions. Solutions based on 
generalised Fourier series are a powerful tool in further developments of the 
theory: they can be used to obtain interesting results even in cases where 
the eigenfunctions and eigenvalues cannot be calculated exactly. 


The eigenfunctions can be shown to form an orthonormal set in situations 
where other boundary conditions are applicable. For example, if an object 
is placed in a stirred liquid with very high thermal conductivity, the temper- 
ature at the surface of the object will be constant (which may be taken to 
be zero). The appropriate boundary condition for the eigenfunctions is then 
Jn{r) = 0 for all positions r on the boundary. This is called the Dirichlet 
boundary condition. The eigenfunctions are also orthogonal in this case. 


Exercise 4.13 


Show that the normalised eigenfunctions of the Helmholtz equation still satisfy 
equation (4.61) when the Dirichlet boundary condition (f,,(r) = 0 for points r on 
the boundary) applies. Again, assume that there are no degenerate eigenvalues. 


Exercise 4.14 


Determine the normalised eigenfunctions of the rectangle with side lengths @ and 
b using the Dirichlet boundary condition. Show that the eigenvalues are still given 
by equation (4.52), except that cases where n = () or m = 0 are excluded. 
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4.6 Semi-infinite domains: 
temperature waves 


This section will consider a solution of the diffusion equation in a semi- 
infinite domain. (We describe the method of solution in terms of a heat flow 
problem.) Here we do not assume that the initial temperature distribution 
is known, but we do specify either the temperature or the heat flux at the 
boundary. The physical context is that of a surface which is alternately 
heated and cooled, with repeat period T. An example is the surface of 
the Earth, which is alternately heated and cooled during the day (in this 
case T' = 24 hours). The temperature below this surface is expected to 
vary periodically as a function of time, also with period T. It is natural to 
expect that the amplitude of the oscillations in the temperature will become 
negligible at great depths below the surface, «, so we impose a boundary 
condition that the temperature approaches a constant value as the depth x 
approaches infinity. It is of interest to determine how the temperature varies 
as a function of depth, and how far the temperature variation lags behind 
the changes at the surface, If the surface is heated or cooled uniformly, 
we expect that the temperature will depend only on the depth x (and not 
on any other spatial coordinate) and time ¢, so (although this is a problem 
posed in three-dimensional space) we are concerned with finding a solution 
of the one-dimensional diffusion equation, 


First consider the formulation of the problem in mathematical terms. The 
surface which is heated is the plane « = 0, and the soil is the half-space 
a > 0. We must determine a solution 4(., f) satisfying the diffusion equation, 
and appropriate boundary conditions. We shall restrict ourselves to looking 
for solutions which vary periodically in time, with period T. (There can 
be non-periodic disturbances which decrease in amplitude as a function of 
time, often called the transients, which we shall not consider.) We apply the 
boundary condition that @(a,t) approaches a constant (9, say) as 2 — oo. 
It will be assumed that the heat flux density J(t) (that is, the heat energy 
per unit time passing through a unit area perpendicular to the surface) at 
the surface varies sinusoidally: 


J(t) = Jo sin(wt), (4.65) 


where w = 27/T is the angular frequency corresponding to the period T. 
(When J is negative, the surface is losing heat.) A general periodic variation 
of ,J(t) is discussed later. The heat flux density is related to the temperature 
gradient at the surface by Fourier’s law (discussed in Section 3.6), 


(4.66) 


where x is the thermal conductivity. 


We expect that the temperature @(x,t) varies with the same period as the 
changes at the surface. It is convenient to write the sinusoidal function as 
a sum of two complex exponentials: sin(wt) = [exp(iwt) — exp(—iwt)]/2i. 
We then seek solutions of the one-dimensional diffusion equation 00/0t = 
D 070/0x? in the form 


O(a, t) = exp(+iwt) f(x), (4.67) 


where + indicates that we consider both plus and minus signs, correspond- 
ing to the two exponentials exp(+iwt) which make up the sin(wt) function. 
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Substitution of the trial solution (4.67) into the diffusion equation gives an 
ordinary differential equation for f(a): 


Pfs 
dx?" 
where + indicates that we take a positive or negative sign to correspond 
with the the sign in exp(+iwt). 


tiwf, =D (4.68) 


Of course, our final solution to the problem must be a real-valued function, 
because the temperature measured by a thermometer is not a complex num- 
ber. This will be achieved by combining two complex solutions to make a real 
solution, 


The motivation for using complex functions is that they make it easier to solve 
the problem, both by making it easier to spot a solution, and by simplifying 
the algebra, If you need to be convinced of this, try to re-work this problem 
without using complex functions. Even checking that our solution (equation 
(4.76) below) satisfies the diffusion equation is hard work without using complex 
exponentials, 


Equation (4.68) has a solution of the form f,(a) = exp(a4a), where the 
subscript + refers to the fact that the multiplier of w in the left-hand side 
of equation (4.68) is +i, and where a4 satisfies 

iw = Dod. (4.69) 


Rearranging this equation to determine a4, we find 


oy = ty = 2/204) -2K0 +9), (4.70) 


where we use the fact that (1 +i)? = 2i. so Vi = (1+ 4%)/V2, and where 
K = \/w/2D, Note that there are two possible signs for the square root. The 
solution with the positive sign gives a function f,(a) = exp(K a) exp(iK x), 
which grows as x increases. This solution must be rejected, because we 
assume that the influence of heating the surface becomes negligible at great 
depth. Only the solution with negative sign should be retained, which gives 
t4(a) = exp(—K@) exp(—iKx) as an acceptable solution, and 


Ap =—4/ (1+%) (4.71) 


as the acceptable value for a. 


Changing the sign in front of w in equation (4.68) results in a solution 
f-(a) = exp(a_a), with a_ satisfying 
—iw = Do?. (4.72) 


Again, the expression for a_ contains a square root, and one choice of sign 
leads to an unphysical solution, with f—(«) increasing as 2 increases. The 
second (acceptable) solution has 


(1-i), (4.73) 


where (1 — i)? = —2i has been used. The solution of the diffusion equation 
is a linear combination of the two acceptable solutions, after multiplying by 
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exp(iwt) or exp(—iwt) as appropriate: 


O(x,t) = Ay exp(iwt) fy («) + A_ exp(—iwt) f_(x) 
= A, exp(iwt + a2) + A_ exp(—iwt + a_z) 


: fw ee. 
= Ay exp [iat i +0] 


+ A_ exp [-ia - (l- iz z (4.74) 


w 
2D 
The physical value of the temperature must be a real number. The solution 
(4.74) is real for all values of x and ¢ if Ay = (A_)* (since then 6(a,t) = 
(A(x, #)]*, implying that @(«, 1) is real). Writing Ay = 3A exp(+7@) gives a 
real solution of the form 


O(a, t) = Acos (+ wt — mB r) exp (-/#:) 5 (4.75) 


using cosu = (exp(iu) + exp(—iu))/2. The cosine factor in this solution 
may be interpreted as a wave travelling in the positive x direction with 
speed ¥2Dw. (Compare this with the travelling wave solutions considered 
in Block I.) The exponential factor in equation (4.75) indicates that the 
amplitude of this wave decreases with a ‘scale length’ K~! = \/2D/u. 


That the travelling wave has a speed proportional to YDw can be inter- 
preted through the following (approximate) argument. It is known that the 
(one-dimensional) diffusion equation has solutions corresponding to having the 
mean-squared distance, (.c?), travelled by a particle over a time period T taking 
the value («*) =2DT. (See, for example, Section 3.7 of the previous chapter, 
particularly equation (3.61) on page 98.) Thus, one can argue that the ‘mean 
speed’ of this diffusing parti 2)/T = \/2D/T, which is proportional 
to Dw because T = 2n/w. Since heat is carried by diffusing particles, one 
might, therefore, expect the temperature wave to travel at a speed propor- 
tional to VDw. Furthermore, note that the ‘length scale’, K~! = \/2D/u, is 
proportional to V2DT, the root-mean-squared distance, y/(x"), travelled by a 
diffusing particle over the repeat period T. Thus, one might anticipate that 
the amplitude of the temperature wave diminishes on length scales larger than 
V2DT since the diffusing particles (carrying heat from the surface) are less 
likely to get there. 


vis y/ 


The constants A and @ are determined by requiring that the boundary 
condition described by equations (4.65) and (4.66) is satisfied. The required 
solution is 


O(n, t) = 2B cos (u - sat + =) exp (- 3°) : (4.76) 


Exercise 4.15 


Confirm this result, by showing that the choices @ = 52/4 and A = (Jo/K)\/D/w 
make the solution (4.75) consistent with the boundary condition described by equa- 
tions (4.65) and (4.66), 


The solution (4.76) is illustrated in Figure 4.7. The temperature is plotted as 
a function of the depth below the surface, for four different times throughout 
the period of the heat flux density, J(t). For this plot, we have chosen 
D=w= Jo/* = 1. When these constants are assigned different values, the 
form of the curves remains the same (but of course the horizontal and vertical 
scales of the plots must change). Note that the temperature at points below 
the surface lags behind that at the surface, and that the amplitude of the 
temperature wave decreases rapidly with depth. 
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Figure 4.7 The temperature as a function of depth, for four different times, for the 
case D = w = Jo/® =1. The rate J(t) at which heat is supplied is a maximum at 
t= 7/2, and a minimum at t = 37/2. 


Exercise 4.16 


What is the temperature at depth « if the temperature at the surface is Ao sin(wt)? 
[Hint: The solution is unchanged up to equation (4.75).] 


Example 4.3 


Generalise the calculation of the previous exercise to the case where the 
temperature O(t) at the surface is an arbitrary periodic function of time, 
with period T = 27/w. (Express 6o(t) as a Fourier series, and use the fact 
that the diffusion equation is linear.) 


What happens to the relative magnitudes of the terms in your expression as 
you go further from the surface? 


Solution 


Because the diffusion equation is linear, an arbitrary linear combination of 
its solutions also satisfies the diffusion equation. Any surface temperature 
which is a periodic function of time, with period T, may be written as a 
Fourier series: 
oo 
Oo(t) = 2a + Ee {an cos(nwt) + by sin(nwt)] , 

oS ml 
where w = 27/T is the angular frequency corresponding to T. Adapting 
the results of the previous exercise by replacing w with nw, and by allowing 
for a Fourier series containing both cosine and sine terms, we see that each 
component of this Fourier series corresponds to a solution of the diffusion 
equation of the form (4.75). Combining these solutions with appropriate 
values of A and @, so that 0(0,t) = 09(t) is satisfied. we obtain 


ox 
Oa, t) = = + Siexp ( Fa *) [o» cos (nat = a r) 


n=1 


+ b, sin (nut =4 = *)| - (4.77) 


The components of the sum with n = 1 decrease least rapidly as x increases. 
Thus, for large values of x, only this term and the constant term ao/2 
are significant, so the temperature varies approximately sinusoidally with 
time. 
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Exercise 4.17 


A surface is alternately exposed to one hot fluid at a temperature + for a time 
x/w, then to a cold fluid at temperature —0p for a time m/w, and the cycle is 
repeated over and over again. 
(a) What is the Fourier series for the surface temperature at time ¢? [Hint: 
This was obtained for w = 1 in Block I, Chapter 3: see Example 3. 


(b) Show that the temperature at depth a below the surface at time t is 


{atin [ + 1wt — oe 7 
xexp [- joanne / h (4.78) 


This result is illustrated in Figure 4.8, which shows the time-dependence of the 
temperature at the surface and at three different depths. We can again observe 
that as the depth increases, the amplitude of the temperature wave decreases, 
and that it lags further behind the surface temperature. Also, because the higher 
Fourier components (i.e. terms with larger n) are reduced more rapidly, the time- 
dependence of the temperature wave becomes essentially sinusoidal at large depths. 


A(x,1) 1 


Figure 4.8 The temperature as a function of time, at depth 2 below a surface 
which is alternately heated to temperature 4 = +1 and cooled to temperature 
—o, with a frequency w= 1. In this illustration, we have set D = 1. 


Exercise 4.18 


In desert areas, temperatures can be yery high during the day and very low at night. 
Desert animals can escape from the extreme temperatures by burrowing into the 
ground, 


In a desert area, the daily high and low temperatures are 40°C and 0° C respec- 
tively, and the thermal diffusivity of the dry sandy soil is 0.24 x 107° m2? s~!, 
Assuming that the flux of heat var nusoidally throughout the day, estimate the 
depth to which an animal must burrow so that the temperature of its surroundings 
does not exceed 25° C. 
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4.7 Outcomes 


After reading this chapter, you should: 

appreciate the concept of a propagator, and be able to determine (with 
some guidance) the propagator for partial differential equations which 
are similar in structure to the diffusion equation 


e be able to use a propagator to determine a temperature, concentration, 
or similar scalar field, by evaluating an integral 

e beable to construct solutions of the diffusion equation and closely related 
partial differential equations using the method of separation of variables, 
in one or more dimensions 

e be able to demonstrate orthogonality relations, and be able to use them 
to calculate Fourier coefficients for particular solutions of diffusion or 
heat flow problems 

e appreciate the existence of temperature waves in periodically heated and 
cooled structures, and be able to calculate temperature waves in a half- 
space with a uniformly heated planar boundar:; 


4.8 Further exercises 


The following exercises provide additional practice in solving typical prob- 
lems of the types treated in this chapter. 


Exercise 4.19 


The diffusion-advection equation, describing diffusion in a moving fluid, was intro- 
duced in Chapter 3, Exercise 3.28: in one dimension it takes the form 

Oc 7) Pe 

<—=——(vc) +D =, 

Ot On (ve) On 
where D is 
this exer 


the diffusion constant and v is the velocity of flow of the fluid, which in 
is assumed to be independent of wx. 


(a) Can you guess the form of the propagator K(a — ro, t) for this equation? 


(b) Calculate the propagator using the Fourier transform approach, as described 
in Section 4.2. 


4.8 Further exercises 


Exercise 4.20 


Consider a uniform metal bar of length L which can exchange heat with its sur- 
roundings such that the temperature obeys a modified diffusion equation of the 
form 


ao 


where D is the thermal diffusivity, R is a constant (sometimes called a rate con- 
stant), and @, is the temperature of the surrounding air (assumed to be constant). 


At time t= 0 the bar is removed from the heat sources, so that there is no heat 
transferred through the ends of the bar, and the boundary conditions are 
00 00 


By (nt) = pp llat) = 0. 


Using the method of separation of variables, find a general solution of the partial 
differential equation given above. Determine 6(.r,#) in the form of a Fourier series, 
when the initial temperature is a specified function, O(.r). 


Exercise 4.21 


If the bar described in the previous exercise is held in contact with heat sources, so 
that both ends of the bar (a = 0 and # = L) are at temperature 0), determine the 
steady-state temperature Mo(a) at position x. 


Exercise 4.22 


A cube, with sides of length LZ, made from a material with thermal diffusivity D, 
is heated to a uniform initial temperature 0. At time t= 0, it is plunged into a 
stream of fast-flowing liquid, so that the temperature everywhere on the surface is 
equal to zero for all t > 0. Show that the temperature at the centre of the cube is 
(for t > 0) 


act) = 00 (4)” So SoS sn (2) sin (222) sin (222) 


ny=1ng=1 ysl 


exp[—(n? +3 + n3)n* Dt/L?). 
nyngny 


Hard exercise 
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Solutions to Exercises in Chapter 4 


Solution 4.1 
Write the concentration in terms of its Fourier transform with respect to «: 
a 


e(a,t) = dk exp(ika) &(h, t). 


—20 


Te 


Assuming that equation (4.4) is satisfied, we have 


{- deep ten) [Fao + Dk? atk) =O. 


Using the fact that (0°/Ox?) exp(ika) = —k? exp(ikw), we may replace the factor 
of k* by a second derivative with respect to a, and obtain 


x expec a eee i dk exp(ikat) &(k, t). 
“co 


pr 
Comparing with the first equation, we see that the left-hand side is e(x,1)/Ot, and 
the integral on the right-hand side is 2me(2,t), so c(a,t) satisfies the diffusion 
equation, 


Solution 4.2 


Rearrange the given differential equation to read 


1 df 
== =-a 
f dt 
which can be integrated to give Inf = —at + C, where f > 0 and C is a constant 


of integration. Taking the exponential of this relation gives 

f = Aexp(-at), 
where A = exp(C). Now apply this to equation (4.4), where @ plays the role of the 
dependent variable f, and the constant a is replaced by a function of k, namely a = 
Dk?. Making these substitutions gives ¢(k, t) = Aexp(—Dk?t), where the multiplier 
A may be a function of k. When ¢ =0, this relation reads @(k,0) = A, which 
determines A, so 


&(k,t) = exp(—Dk"#) é(k, 0). 


Solution 4.3 
(a) The initial condition for Example 4.2 may be written 
c(x,0) = coH (a —a), 
where H(:r) is the step function (Heaviside function) defined in the question. 
(b) In this problem, the initial condition is 


(ax, 0) = eo[H (a + L) — H(x — L)). 


(c) Using equations (4.7) and (4.8), we have 


co 


aoe eee 


i darg exp[—(a — 2n9)*/ADE] H (xo + L) 


Ta dao expl—(e ~ #0)?/ADU| Hx ~ L). 


The integrals in this expression were obtained in Example 4.2, as part (a) 
above shows: setting a equal to —L and +L successively, and subtracting one 
expression from the other, we have 


- 3 (Hak) (Sa) 


(x,t) 


Solutions to Exercises in Chapter 4 


Solution 4.4 


Again, starting from equations (4.7) and (4.8), and using the changes of variable 
u = (a —29)/V4Dt and v = x — xo, we have 


abeh Ri id dapespla(e— an) 40H fy PAG coe teaaNl 


-4/" ueep te) ee 
Vaden VinDi 


Now use the identity cos(A — B) = cos Acos B + sin Asin B, and evaluate the first 
integral: 


Vv4nDt 


be 


dv exp(—v?/4Dt) cos|k( — v)]. 


ce 


A, cos( hur) 


= 
ela.) = do + i ~_oexp(~u#/AD!) os( to) 
Aisin(kr) 


warn i dv exp(—v* /4Dt) sin(kv). 
im is 


The first of these integrals is of the form quoted in the Hint, with a = 1/4Dt and 
=k. The second integral is zero, because the integrand is an odd function. The 
concentration at time ¢ is then 


c(w,t) = Ap + A; cos(kx) exp(—k* Dt). 


Solution 4.5 


Consider the function given in equation (4,16). We can check that this satisfies the 
diffusion equation, by evaluating partial derivatives: 


00 _ Tn? DA, mnie mn? Dt 
eo art cos ( 72) exp (- ra ) 
00 mA. (mn wn? Dt 
Be NG Jew (- rh 


on (ey ae ( eer) 
eS, a a 


Comparing the expressions for 00/0 and 4*6/Axr*, it follows that O(m, t) satisfies 
the diffusion equation. We must now check that it also satisfies the boundary 
conditions, that is, 06/0a =0 at both « =0 and x = L, for all values of t. At 
a2 = L, 00/0x =0 because sin(nm) = 0 for all integer values of n. At «= 0, the 
boundary condition is satisfied because sin(0) = 0. 


Solution 4.6 


Use equation (4.20) to obtain the Fourier coefficients for n > 0 via integration by 
parts: 


An = =f dae axcos (“™*) 


eeemeaee 


E L zp dix; sin ( 


= S5l(-1)" = 1h 


The Fourier coefficient for n = 0 is just the average value of the function, i.e. 


Lope L 
ay (ae 


The Fourier coefficients are therefore 


22 1 =(-1)"] forn>0, and Ag = 5. 


A 
me 
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Solution 4.7 


In the steady-state condition, the temperature is independent of time, so 00/dt = 0, 
and the temperature @ depends only upon x. The diffusion equation then reduces 
to the equation d?6/dex? = 0, implying that (x) = ax + 3. where a and f are 
constants. The mean value of the temperature is 


L 
t= if dx O(a) = Z0L + 2. 
L 0 


The temperature at position x may therefore be written 
O(x) = a(x — L/2) +6, 


where a is the temperature gradient, and @ is the mean temperature. 


Solution 4.8 


The instant after the poker is made thermally isolated, the solution of the diffusion 
equation in the form (4.16) is applicable. The Fourier coefficients can be deduced 
from those obtained in the solution to Exercise 4.6. This is because the function 
9o(x) here is obtained from that of Exercise 4.6 by multiplying by a and adding @ — 
aL. The additive constant @— sal does not contribute to the Fourier coefficients 
A, for n> 0. The Fourier coefficients for 1 > 0 are then those of Exercise 4.6 
multipled by a, and the Fourier coefficient Ap (which in Exercise 4.6 is L/2) is here 
replaced by the mean value of the temperature, 0. The temperature at position x 
and time ¢ is then 


P oy : 22 
(r,t) = al SS {l c 1)") pe (= ) ie (-= a) ; 


n=l 


y terms corresponding to odd values of m contribute to the sum, and by setting 
2k +1 we can express it as a sum which includes only these terms: 

dob 1 (2h+ Umer) | (_(2k + 1)?m*Dt 
ca L Fah rz 3 


O(a,t) =O 


Solution 4.9 


Write 0(r,t) = f(r)g(t), and require that @ satisfies the diffusion equation: 


60 age Rt 4 
5 fi DV = Do V*s. 
Dividing these equations by fg, we obtain 
vito! 
D—-==, 
fg 


The left-hand side is independent of /, and the right-hand side is independent of 
r. Both sides must therefore be independent of both r and ¢, i.e. they are equal 
to a constant which will be called —\D. We therefore have the following separated 
equations for f and g: 


di 
(oH a oe 
V°f=-Af, a Dog. 
Solution 4.10 
In one dimension, the Helmholtz equation is 
a f 
qt Af =0. 


This corresponds to equation (4.13) (on setting k? =). The function f(x) = 
cos(ka), with k? =A, is a solution of this differential equation. When k = n/L 
(with n = 0,1,2,...), this choice also satisfies the Neumann boundary condition 
f'(0) = f'(L) =0. The eigenfunctions are fn(a) = cos(mna/L), and the eigenvalues 
are \ =k? = 9?n?/L?. 


Solutions to Exercises in Chapter 4 


Solution 4.11 
When a = b, the two eigenfunctions 
Snm(2,y) = cos(nmx/a)cos(mmy/a), — frnu(a,y) = cos(max/a) cos(ny/a) 
(with n # m) have the same eigenvalue, namely \ = 77(n? +m?)/a?, so this eigen- 
value is degenerate. 
Degeneracies occur whenever the lengths a and b are rationally related, i.e. whenever 
a N 


b- ™M 
where N and M are both integers. As an example, consider the case where a = 3b, 
The eigenfunctions 

foi(e.y) = cos(6mx/3b) cos(my/b), —— fs,a(a.y) = cos(3ma/3b) cos(2my/b) 


both have eigenvalue 


Solution 4.12 


For the function f(a) = exp(ikw), we have 


d 4 “ ; a 2 
rt) = ikexp(ikx) = ikf(«), aga!) = —-k* f(x), 
so f is an eigenfunction of both of the operators d/da and d?/da*. 


Now apply the boundary condition f(a +.) = f(«) to f(x) = exp(ike). For any 
real number @ and any integer n, we have exp[i(@ + 2nn)] = exp(id) exp(2rin) = 
exp(i8), so f(x +a) = exp|i(ka + ka)| = exp(ik. f(a) if ka = 27n. The bound- 

ry condition is therefore satisfied by setting wn/a. The spectrum, of the op- 
erator d/dx with this boundary condition is therefore the set of eigenvalues 27in/a, 
where n is any integer (positive, negative or zero). Similarly, the spectrum of d?/dix® 
is the set of eigenvalues —(27n/a)?, with n = 0, +1, +2 


In the case of the operator d?/dic? with the periodic boundary condition, we see 
that all of the eigenvalues except for n = 0 are doubly degenerate, because for 
each eigenvalue —k?, the eigenfunctions exp(ikw) and exp(—ikx) are linearly inde- 
pendent with this same eigenvalue. There are no degeneracies for d/da since all 
eigenfunctions have distinct eigenvalues 27in/a. 


Solution 4.13 


Let f(r) be the eigenfunctions of the Helmholtz equation (V? + Aj) fn = 0, satis- 
fying the Dirichlet boundary condition f;,(7) = 0 for all points 7 on a closed surface 
S enclosing a volume V. 


Consider the volume integral J;,,, defined by the first expression in the sequence of 
equalities 
Inn = ff dV W-(Sn frm — In Ju) 
fF 
= fa fe0%hn ~ fF 
Jv 


=(n~ Am) ff dV Sams 


where the first step uses the product rule of differentiation in the form V-(fVg) = 
{V2 + Vf-Vq (see equation (4.57)), and the second step uses the fact that f, 
and f,, satisfy (V? + A)f =0. From this expression we conclude that if I,., = 0 
and the eigenvalues \,, and \,, are different, then the eigenfunctions f,, and f,, are 
orthogonal. 
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Now evaluating J,,,, using Gauss’s theorem, we have 


Tone i: aS-(fnV fn — fin Sn) = 


which vanishes because the Dirichlet boundary condition states that f,, and f,, are 
both zero everywhere on the boundary. Therefore all eigenfunctions with distinct 
eigenvalues are orthogonal and thus, since we assume that there are no degenerate 
eigenvalues, equation (4.61) holds after imposing normalisation on f,,(r). 


Solution 4.14 


We use the same approach as in finding the solution for Neumann boundary con- 
ditions given in Subsection 4.5.2, We require a solution of (V2 +)f =0 with 
J(r) =0 for all points r on the boundary of the same rectangle. Again, we at- 
tempt a solution by separation of variables, in the form f(x,y) = X(x)Y(y). In- 
serting this trial solution, we again find that X(«) and Y(y) satisfy X” + k2X =0 
and Y” + kjY = 0, where the primes denote derivatives, and the constants k, and 
ky satisfy k2 +k? = A, The boundary conditions are 


v 
L(0,y) = f(ay)=0 (O<y <b), 
S(v,0) = f(a,b)=0  (0<a<a). 


These conditions are satisfied by finding functions X (x) and Y(y) which satisfy 
X(0) = X(a)=0, Y(0) = ¥(b) =0. 


Consider the function X(w). The differential equation X” + k?X =0 is solved by 
X(a) =sin(k,v). This automatically satisfies the boundary condition on X (2) at 
a=0. The boundary condition X(a) = 0 is satisfied by choosing k, such that 
k,a = nm, where n is an integer. Changing the sign of the integer n changes only 
the sign of the solution, and does not make a distinct (that is, linearly independent) 
eigenfunction, The value n = 0 is excluded because the resulting function X (ir) is 
zero everywhere. We therefore consider only the values n = 1,2,3,.... Similarly, 
we find Y(y) = sin(mmy/a), with m = 1,2,3,.... The eigenfunctions are therefore 


S(2,4) = Cron sin (=) sin(™™)., 


where the constants C,,, are chosen to normalise the eigenfunctions, so that 


‘a b ry b 
r= [ de [dy [f(2.1)|? = C2 m [ dzisin?trme)ia) f gmiseiniy (i): 
tae af 5 
Now 


r desea (rina) td) == i dz [1 — cos(2nmz/a)] 
0 2 so 


_a a sin (20m )]" _ 
2 [an Cea ee 


where the identity sin? 2 = (1 — cos 2r)/2 was used in the second equality. 


Similarly, 


b 
[ sin? (mmy/b) dy = b/2, 
JO 


so 1 = C2.,,, x ab/4, and therefore Cy», = 2/Vab. The eigenvalues are 


Yam = k2 + k? = (y4(2y, RELB8 in MH 1,80: 
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Solution 4.15 


From solution (4.75) we find 


Felest) = Ay exp (-\/ 2) [an (+ at - 2) - em (6+ o*)): 


so 
00 ee Brn. as 
ag =A Isp [sin(@ + wt) — cos(@ + wt)] 
=4 ls [sin(wt)(cos ¢ + sin @) + cos(ut)(sin @ — cos @)]. 
In order to satisfy the boundary condition, we must have (00/Ax)(0,t) = —Jo sin(wt)/n. 


We therefore need sin @ = cos d so that 06/0x at x = 0 is purely a multiple of sin wt 
(ie, the coefficient of coswt is zero), This can be satisfied by setting @ = 52/4, so 
sing = cos@ = — 1/v2. Requiring that the resulting sinusoidal variation has the 
correct amplitude means that we must set 


= —Jo/K, 


80 


Solution 4.16 


Everything up to equation (4.75) remains unchanged. Applying the boundary con- 
dition, 0(0,1) = Ao sin(wt), we have 


0(0,t) = Acos(@ + wt) 


Acos ¢ coswt — Asin sin wt 


Mt 


= Oosinwt, 
which requires 
Acos@=0, —Asind =A, 


which are satisfied for @ = —x/2 and A = 69. The required solution is therefore 


: w ss fane 
O(e.t) = dosin (at ~ at) o( D 


Again, the solution is a travelling wave which decreases in amplitude away from 
the boundary. 


Solution 4.17 


(a) Here the function @(0,t) is a square-wave function; @(0,¢) = 4 sign{sin(wt)]. 
The Fourier series for a square wave was determined in Block I, Chapter 3, 
Example 3.2, Written as a Fourier sine series, using equations (3.17) and 
(3.18) from that chapter to convert to a, = 0 and b, = 2[1 — (—1)"]/mn, then 
setting x = wt and multiplying by @. we obtain 


6(0,t) = (PS 2A CO"T (rat). 


n=1 


(b) Each term of this series corresponds to a solution of the form determined in 
Exercise 4.16, Because we are solving a linear partial differential equation, we 
can take a linear combination of these solutions. This linear combination is 
chosen so that it corresponds to the Fourier series in part (a) when x = 0, and 
therefore the required solution is 


O(a, t) = 2s Dy is a" sin (nut | a r) exp (- a :) A 


n=l 
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In other words, for each term in the series, w in Exercise 4.16 is replaced by 
nw, and @ in Exercise 4.16 is replaced by 20[1 —(—1)"|/7n. These Fourier 
coefficients vanish for even values of n. Writing n = 2k +1, we have 


wet) = Be ton [ak +1 Ee oon |-/ SE -. 


2D 2D 


Solution 4.18 


The amplitude of the temperature wave at the surface is 0) = $(40°C —0°C) = 
20°C, and the average temperature is @ = }(40° C + 0° C) = 20° C (also assumed 
to be the temperature reached at great depths below the surface), so the surface 
temperature is given by 


(0,1) = 0 + 09 coswt. 


Hence, using Example 4.3 (with ao/2 = 0, a; = 09 and all other Fourier coefficients 
being zero) we have 


O(a, t) = 0+ exp (-V% ) cos (u = I ) : 


At the depth of the burrow, the amplitude of the temperature wave cannot exceed 
25° C-20° C= 5° C, sich is smaller than the amplitude at the surface by the 
ratio R = 5° C/20° C=} . Ata depth «, the amplitude of the temperature wave is 
reduced by the factor ane —/o/2Dx). The minimum depth for the burrow, xin- 
therefore satisfies 


R= ep [3 zn 


Also, the angular frequency is w= 27/(24 x 60 x 60)s~! (since the period is 24 x 
60 x 60, the number of seconds in 24 hours). We find (giving the final result to two 
significant figures) 


/2D E me 50 x 60 
Sea inR= 2x 0.24 x 10-8 x 24 x 60 x 60 honia 


2x0 
= =o11m = llem. 


Solution 4.19 


(a) The effect of the fluid flow is to move particles at uniform speed v, so if Ko(a — 
o,t) is the propagator for the standard diffusion equation (corresponding to the 
case v = 0), the propagator with advection included is expected to be K (a — ao, t) = 
Ko(a — a — vt, t), that is, 


1 
K(x — x,t) = ex) 
Vint 
(b) The Fourier transform of the advection-diffusion equation (as quoted in the 
question) with respect to 2 is 


oa, t) = (—ikw — Dk?) e(k,t), 
which has the solution 
6(k,t) = exp[—(Dk" + ikw)#] &(k,0). 
Following the argument presented in Section 4.2, the Fourier transform of the prop- 


agator is therefore 


- 1 
K(k, t) = == exp(—Dtk?) exp(—ivtk). 
(hk, t) Vin xp Jexp( ) 
This is the same as for the usual diffusion equation (discussed in Section 4.2), with 
the additional factor exp(—ikwt). From the result of Block I, Chapter 3, Example 
3.6, we see that this corresponds to a translation of the inverse Fourier transform 
through a displacement of wt, leading to the expression for K(2 — x,t) quoted in 


Solutions to Exercises in Chapter 4 


part (a). (Alternatively, we can use the result of Exercise 3.18, which gives the 
inverse Fourier transform of exp(—ak*) exp(ikX) directly.) 


Solution 4.20 


Applying the method of separation of variables, writing 0(.c,1) — 0, = A0(«,t) = 
f(2)g(t) and substituting into the partial differential equation, we find that g/ f = 
Dgf" — Rfg. Dividing by fg and rearranging gives 


/ ” 
refanl-_yn, 
9 if 

where —AD is the separation constant, which we assume should be non-positive, 
Solving the equation for f(w), and identifying solutions satisfying the boundary 


condition (8/ArA0)(0,t) = (0/8aA0)(L.1) = 0, we find normalised eigenfunctions 
which are identical to those obtained when R = 0, that is, 


fn) = ‘os(nmr/L), n=0,1,2,5 


so \ = (n7/L)*. The orthogonality relation is unchanged. 


The equation for g(t) is solved by g(t) = exp|—(AD + R)t). The general solution of 
the partial differential equation is 


oe > 6. 28 
Ax.t) = On + Y> an y/ ze cos(n7v/L) exp [- G + ) i 2 


n= 


Using the orthogonality relation (or equation (4.20)), the Fourier coefficients a, are 


L pes Sno L 
ae i der fu(2){00 (2) — 04] = yf =" r da{0(x) — 94] cos(nmx/L). 
b f 


Note that this solution was performed using normalised eigenfunctions (as described. 
in Subsection 4.4.3). An alternative approach is to use the method set out in Section 
4.3, that is, with un-normalised eigenfunctions, cos(nmr/L), so that a, in both of 
the above equations can be replaced by Ay V/L/(2 — dno). 


Solution 4.21 


Let A@ = @—0, be the difference between the temperature of the bar and the 
surrounding air. The steady-state solutions, satisfying OA0/Ot = 0, also satisfy the 
differential equation 


PAO 


da 


which has solutions 


AO(x) = Acosh (V5 7) + Bsinh (V3 *) r 


where A and B are constants which must be chosen to make the solution satisfy 
the boundary conditions. The required solution satisfies 0; = 0(0) = @(L), so 


0, — 0, = A= Acosh (VB) + Bsinh (V+) Fi 


implying that A= 6; —@, and 


Bsinh (\5+) + (0; —@ 4) cosh (\5+) = 0, —0y. 


The steady-state temperature is therefore 


Bo (a) = On + (01 — On) [ost (V5 ») + Csinh (Vi | 
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where 


c= Loeosh(/RDL) 
~sinh(/R/DL) * 


Solution 4.22 


Here we must solve the Helmholtz equation (VY? + )f = 0 in three dimensions, for 
a cubie region and with Dirichlet boundary conditions. The solution is obtained 
by separation of variables, writing f(«.y.2) = f\(«)fa(y)fs(2). The approach is 
analogous to the treatment of the rectangular region with a Dirichlet boundary 
condition in two dimensions, given in Exercise 4,14, If the cube is positioned so 
that its sides are in the planes x = 0, 2 = L, y =0,y = L, z =0, z = L, the solution 
is a product of sine functions, such as sin(m,7m/L), with ny, a positive integer. The 
normalised eigenfunctions are 


Insnnsttsts2)= (2) sin (EE) in (2) sin (222), 


with eigenvalues 


Tog od nd 
A= Falnit tnd +n). 


The general solution is (using equation (4.53)) 
(r,t) = ¥) an fn (r) exp(—7?|n|? Dt/1?), 
n 
where n = (ny,n2,n3) and r = (a,y,2), and the ay are Fourier coefficients which 
are chosen to make this solution match the initial temperature distribution at t = 


0. (The summation is over all triples of positive integers n = (nj.na,ng).) The 
eigenfunctions are orthonormal on the cube, and the Fourier coefficients are 


am = dV O(0) fal. 


The initial condition is that @o(r) is constant throughout the cube, so the Fourier 
coefficients are 


on = 6 [ aV falr) 
dV 


3/2 pL L L 
=o (3) I desin(nyre/t) aysin(nany/t) dzsin(ngmz/L) 
26 (2) Btn Cos Steyn 
=%0 7m i 


nynang 


using 
L 


fw sin(nyna/L) = [= con(nsnt/) ere (ete 


0 my o mm 
and similarly for the integrals in y and z. Also, at position re = (42,4, 41), the 
eigenfunctions take the values 
F(t) = (2/L)*/? sin(ny7/2) sin(nom/2) sin(ng/2). 


Note that fn(7-) = 0 unless ny, no, ng are all odd, in which case the factors 
{l= (-1)"] are all equal to two. Inserting the Fourier coefficients and the values 
of fn(rc) into the general solution gives the result quoted in the exercise. 


CHAPTER 5 
The central limit theorem 


5.1 Introduction 


Up to now this block has discussed two topics which might at first sight 
appear to be unrelated: Chapter 2 discussed the statistical theory of ran- 
dom walks, and Chapters 3 and 4 considered diffusion processes and the 
flow of heat. There have already been indications that random walks and 
diffusion are closely related: for ¢ 
of a probability distribution for these processes increases linearly with time, 
(X?) = 2Dt, appeared in Chapter 2 (for a situation where D Section 
2.4) and in Chapter 3 (Section 3.7). Chapter 6 will show that if a large 
number of particles are independently undergoing random walks 
centration satisfies the diffusion equation. This chapter discusses a result in 
statistics known as the central limit theorem which will be used in Chapter 
6 and which is very useful in its own right. 


ample, the result that the second moment 


their con- 


You have already seen (in Chapter 2, section 2.6) that the probability distri- 
bution for a simple random walk may be well approximated by a Gau 
function when the number of steps is large. The central limit theorem (in 
the form described here) is an extension of this result to the case in which 
the random variable has a continuous opposed to discrete) distribution, 
The theorem shows that, under quite general conditions, the probability 
densit an probability 
density function when N is large. It is a very important result in proba- 
bility theory, because it helps to explain why Gaussian di: 
commonly observed. In the context of random walks, the random variables 
which are summed are the displacements at each step. 


y of a sum of N random variables approaches a Gaus: 


butions are so 


Chapter 6 will consider the concentration of a large number of particles 
which follow independent random walks. The central limit theorem will be 
used there to establish that the concentration obeys the diffusion equation 
in systems without boundaries. A more difficult approach will also be used 
there to derive the diffusion equation directly in systems with boundaries. 


Both this chapter and Chapter 6 will contain fewer exercises. The results 
which are derived are very powerful, but the derivations are difficult com- 
pared to those in most other parts of the cou If you find the derivations 
challenging, you should concentrate on the exercises which illustrate applic: 
tions of the results. The assessment relating to this chapter will concentrate 
on testing your appreciation of how to apply the central limit theorem, 
rather than its derivation. The material in Sections 5.4 and 5.5 will not be 
assessed. 


Some of the exercises in this chapter use proof by induction in their solution. 
This technique will not be required in the assessment of the course, and if 
you are not familiar with this approach, you should turn directly to the 
solutions to these exercises, where the method is explained. 
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This chapter relies heavily on Fourier transforms and the convolution theo- 
rem, You might find it useful to review Section 3.5 of Block I, Chapter 3, 
now. 


5.2 The central limit theorem 


Many probability density distributions occurring in practical problems are 
found to be very well approximated by normal distributions. In most cases 
this arises because the quantity of interest is the sum of a large number 
of random variables. It will be shown that these sums typically have a 
probability density which is closely approximated by a Gaussian function. 


More precisely, we have the following. Consider a variable X which is the 
sum of N random variables aj: 
N 


X= a a (5.1) 
i=1 


For simplicity, we assume that these variables are independent, and that 
they all have the same probability density, given by the function p(x;). 
Both of these assumptions can be relaxed, to a certain extent. Some of the 
arguments will assume certain properties of the function p(a). For now, 
think of p(x) as being a smooth function which decreases very rapidly in the 
limits as 2 — -too. We shall see later that the only conditions that must be 


2 


imposed on p(x) are that the mean (7) and second moment (x) both exist. 


We use the symbol py(X) to denote the probability density for the sum X 
(using the subscript X to distinguish this probability density from that of 
each component of the sum, p(a)). We aim to show that in the limit as N 


oo, the probability density py(X) of X approaches a normal distribution 


Px( exp(—(X — (X))*/20%). (5.2) 


The mean (X) and variance o% of this distribution are readily expressed in 
terms of the mean (x) and variance ? of the x): 


(X) = N(x), (5.3) 


a =N((a- (a))?) = No?. (5.4) 


The result contained in equations (5.2), (5.3) and (5.4) is known as the 
central limit theorem. The limiting probability density (5.2) is independent 
of the form of the probability density of each component of X (provided 
that the mean (xr) and variance o? of the probability density p(:«) exist). 
This insensitivity to the form of p(w) makes the central limit theorem a very 
powerful result, and perhaps a rather surprising one. How can it be that 
the form of p(x) becomes irrelevant as we add more variables? 


As an illustration of the central limit theorem, in Figure 5.1 we display 
graphs of the probability densities for sums of N random variables with 
uniform probability density on the interval [0,1], up to N =5. For N = 1, 
the probability density is a top-hat function, and for N = 2 you will see 
shortly (in Exercise 5.7) that the probability density is a function with a 
triangular graph. As N increases, the curves rapidly look more and more 
like Gaussian functions: a Gaussian probability density with the correct 
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mean and variance G and = respectively) is plotted for comparison with 
the N = 5 case. 
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Figure 5.1 Illustrating the central limit theorem. The probability density, py. of 
the sum of N random variables, with each random variable having a uniform 
distribution, p(a) = 1, on the interval [0,1], is plotted for N = 1,2,3,4,5. The 
probability densities approach Gaussian functions as N — 00. For NV = 5, the 
Jaussian approximation is already very close to the exact probability density. 


You have already seen a closely related result, for the case of a random variable 
which takes a discrete set of values, as opposed to the continuous case consid- 
ered in this chapter. The displacement of a random walk is the sum of many 
independent, identically distributed steps. It was shown in Chapter 2 (Section 
2.6) that this is well approximated by a normal distribution, There are slight 
differences: the random walk considered in Chapter 2 had a displacement which 
takes only integer values with a specified distribution, whereas the version of 
the central limit theorem stated above applies to a large class of continuous 
distributions. It is therefore a much more general result than that discussed in 
Chapter 2. 


The central limit theorem is plainly a very important result, which deserves 
to be understood in its own right, as well as in relation to the diffusion 
equation. The remaining sections of this chapter will discuss results leading 
up to the derivation of the central limit theorem, but before tackling these 
sections you should consider Example 5.1 and Exercises 5.4 and 5.5, which 
illustrate some of its applications. 


Before tackling exercises on the central limit theorem itself, you should con- 
sider the following preparatory exercises. 


Exercise 5.1 


Let «ry and rg be two independent random variables, with mean values («,) and 


spectively, and variances 7 and 03 respectively. What is the mean value of 


X = +22? Show that the variance of X is 0} = of +273. 


Exercise 5.2 


Consider the sum Xjy = So a; of N independent random variables 2';, all of which 
have the same mean (a) and variance 97. Show that the mean, (X,y), and variance, 
ay, of Xv are (Xy) = N(x) and o% = No?, respectively. For convenience in this 
exercise, we have used a slightly different notation: Xj instead of X, and o% in 
place of the more usual 0%. 


Hint: The second part 
requires proof by 
induction. 
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Exercise 5.3 


Let x; be a collection of N independent random variables, all haying the same 
probability density, which is uniform on [0,1] and zero elsewhere. What are the 
mean and variance of each of the x;? What are the mean and variance of X = 


Dia? 


The following example and exercises involve knowing the probability that 
a Gaussian random variable is less than a certain value. This probability 
may be determined from the normal probability function, N(a), which was 
defined by equation (1.55), and tabulated in Table 1.2. It is conventional 
to use the symbol N both for the number of variables in the sum, and for 
the normal distribution function. The latter will always be followed by the 
argument of the function in parentheses, to avoid confusion. 


Example 5.1 


A space satellite is assembled from 480 components. Each of the components 
was weighed accurately, but only the number of grams was recorded, with 
the part of the scale reading giving fractions of a gram being discarded (that 
is, the accurate weight was truncated to a whole number of grams). The 
manufacturer is asked to provide precise information about the weight of 
the completed satellite, but does not want to disrupt the assembly process 
to weigh everything again. 


The sum of the recorded weights of the components was 19.750kg. A clause 
in the contract to build the satellite will penalise the manufacturer if the 
weight exceeds 20 kg. 


(a) By what amount might the weight of the completed satellite be expected 
to exceed the sum of the recorded weights of its components? 


(b) Suggest a reasonable guess as to the probability distribution of the error 
in the weight of an individual component. 


(c) What are the mean and variance of this distribution? 


(d) What is the probability distribution of the amount by which the weight 
of the completed satellite might exceed the sum of the recorded weights 
of its components? 


(e) Should the manufacturer be concerned about the risk that the weight 
will exceed 20kg? 


Solution 


(a) The fractional part of the weight in grams of each component is a number 
between 0 and 1, about which we have no information. It is natural to 
model the excess weight of the component with index i as a random 
number x;, with mean value 3 The excess weight of the completed 
machine is then X = bratty aj, which has mean value (X) = N(x) = 
480 x 0.5g = 240g. 


The final weight of the satellite can be regarded as a random variable 
which has mean value 19.750 + 0.240 = 19.990 kg. 


= 


We know that the weighing errors 2; (measured in grams) lie between 0 
and 1, but have no other information about them. We therefore assume 
that their probability density p(«) is a uniform distribution between 0 
and 1. 


(c) The mean and variance of this uniform distribution were obtained in 
Exercise they are (v) = 3 and 0? = b respectively. 
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(d) Using the central limit theorem and the result of Exercise 5.3, we can 
write down a probability density for the excess weight X in grams: 


: 1 (X — 240)? 
px(X)= exp |— 4 
V2n x 480/12 2 x 480 x 75 
That is, X is expected to have a normal distribution with mean value 
(X) = 240 and standard deviation ox = vy = 2V10. 


(e 


The penalty clause will be invoked if X exceeds 20000 — 19750 = 250, 
that is, 10 above the mean value. This is 10/(2V10) = V/10/2 = 1.58... 
multiples of the standard deviation, From Table 1.2 in Chapter 1, giv- 
ing values of the normal distribution function N(w), we see that the 
probability that a Gaussian random variable exceeds the mean by more 
than 1.5 standard deviations is approximately 0.067. (Note, by symme- 
try of the Gaussian distribution, that this probability is identical to the 
probability that the Gaussian random variable is Jess than the mean by 
more than 1.5 standard deviations, i.e. N(—1.5).) There is a small but 
significant risk that the satellite will be overweight. 


Exercise 5.4 


The probability density for the time ¢ taken for a light bulb to fail is given by the 
Poisson distribution, p(t) = exp(—t/r)/r. (Of course, this applies only for t > 0, 
and is zero for ¢ <0.) The manufacturer claims that the mean time before failure 
is 100hours. Use the central limit theorem to determine a good approximation to 
the probability density for the total time for ten bulbs to fail. If ten bulbs have 
failed after a total of 580 hours, would you doubt the manufacturer's claim’? 


(Hint: The times ¢; for individual bulbs to fail are independent random variables, 
all with the same probability density. Apply the central limit theorem to the sum of 
the times for N bulbs to fail, 7 , ti, and use this to estimate the probability 
density for 10 bulbs failing after time 7’. Then determine the probability of 10 
bulbs failing after 580 hours in terms of the normal probability function N(x). 


Exercise 5.5 


Coins can be counted by weight. It is assumed that the weights of £1 coins in 
a batch are independent random variables, with mean value 10g and standard 
deviation 0.1g. What are the mean and standard deviation for the weight of a 
batch of coins worth £100? What is the probability density of this weight’? 


This method of counting coins by weight is considered acceptable if the probability 
of counting incorrectly is less than 10-%, Is this method acceptable for counting 
100 £1 coins? 


If this method is to be used reliably, coins from different sources should be mixed 
before being counted. Why might this precaution be necessary? 
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5.3 Distribution of sums of random 
variables 


Before considering sums of N random variables, let us consider the proba- 
bility density for the sum of just two random variables. Let X be the sum 
of two independent random variables, x and ir2, with probability densities 
pi (x1) and p(x), respectively. What is the probability density py (X) for 
X =2) + a2? 


We shall quote the result and discuss its structure before giving a derivation. 
The probability density for the sum X = 21 + 9 is 


ox(x)= [ dle p (x1) po(X — m1). (5) 


The form of this expression should not be surprising. We can obtain a given 
value of X = x; + x2 with any possible value of x), but having fixed 2 the 
value o now determined: —.;. We therefore expect to have 
an expression containing one integral, over x. We Ss that this should 
contain the probability densities for x, and 4 — x), hence the factors 


p(y) and g(a) = po(X — 21). 


Note that equation (5.5) indicates that py is the convolution of p,; and py. 
as defined in Block I, Chapter 3 (Section » The probability density for 
the sum of two independent random variables is therefore the convolution 
of their individual probability densi . This may be written in symbolic 
form, using @ to denote the convolution operation, as 


Px = P; ® pa: (5.6) 


You will see that the convolution theorem will prove to be very useful in 
understanding the probability density for a sum of random variables. 


Now we give a derivation of equation (5.5). We consider the element of 
probability 6P that x; + 2g lies between X — 50X and X + 5OX. Dividing 
6P by the width of the interval, dX, and taking the limit as 6X — 0, we 
obtain p(X). To calculate dP, we refer to the discussion of the definition 
of the probability density for two random variables, discussed in Chapter 
1, Subsection 1.1.5. The probability that a condition is fulfilled is obtained 
by integrating the probability density over the region where the condition is 
satisfied; see equation (1.19). In this case we have two random variables, a7, 
and tg, and the element of probability 6P can be obtained by integrating 
their joint probability density, p(a;,2), multiplied by a function which is 
unity when X — 16X <a +99 < X+ $6X and zero elsewhere. The region 
where this last function differs from zero is illustrated in Figure 5.2. 
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xy tx =X+ 18x 


“ 
= 
x, +x, =X- 48x 


Figure 5.2. ‘The 
between X — 
density p(y. a 
directions) 


robability that sum .t; + x2 of two random variables lies 
‘and X + $6X is obtained by integrating their joint probability 
) over the shaded strip (which extends to infinity in both 


The required function can be obtained from the ‘characteristic function’, 
introduced in Block I, Chapter 3, Section 3.3, equation 3.26. We write 


oo 20 
oP =f dey f dx p(@1,22) X4ax ("1 +a -3 
~00 =o0 


where ,() is unity if « lies in the interval [—¢,¢], and zero otherwise, so 


). (5.7) 


the factor x15, selects those values of 1) and 22 for which the value of 


X =r; + 22 lies in the required interval. The probability density of X is 
determined from equation (5.7) by taking a limit: 
6P 
((X) = lim — 
ex(X) = lim, 5x 
1 fe 00 
= lim = da. dxg play, 2: c (a1 + vg — X). (5.8 
dae [ a 2 A(@1, 22) Xisx (wi + #a — X). (5.8) 
This expression looks complicated, but it turns out that one of the integrals 
can be evaluated very easily. To see how this comes about, consider the 
following function g(X), defined in terms of a given continuous function 
f(x) by a combination of a limit and an integral: 


poe 
au da f(x) X46x (© — X). (5.9) 


g(X) = i 
GX) = im 1 OX 
A combination of an integral and a limit of this type will be required to 
obtain py(X) from equation (5.8). Using the fact that the characteristic 
function is zero outside the interval [Y — 56X, X + }6X], the integral is 
simplified; 


X4L6N 
o(X) = lim, so ie dx f(x). (5.10) 
Provided that f(a) is continuous at « =X, when 5X is small the function 
f(a) is approximately equal to the constant f(X) over the range of the 
integral in equation (5.10). This integral can therefore be approximated by 
£(X) 6X, so g(X) = f(X): that is, for any function f(a) which is continuous 
at X, we have 


F(X) = im vel. da X45x(a~X) f(x). (5.11) 
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We now apply this result to the integral over a2 in equation (5.8). We change 
the variable of integration #2 to x =a + a2, so the function p(a,,2 — x1) 
plays the role of the function f(«) in equation (5.11), and thus 


. ie fs 
ph, X— 21) = im, ef dea xyoyli +22 X) plea). (6.12) 


Comparing equation (5.12) and (5.8), we find 


px(X) = fd plan. X 2). (6.13) 


This is a general expression for the probability density of X = x; + x9 
when 2; and xg have a joint probability density p(a,,x2). In the case 
where x; and xg are independent, the joint probability density factorises: 
P(®1,%2) = p,(11)po(#2). Substituting this expression into equation (5.13), 
the probability density p(X) is seen to be given by the convolution integral 
(5.5). 


The following exercise shows how equations (5.5) and (5.6) can be extended 
to express the probability density of the sum of N identically distributed 
random variables in terms of the probability density of each variable. 


Exercise 5.6 


Let Xv be the sum of N independent and identically distributed random variables 

x;, each of which has probability density p. Use equation (5.6) to deduce that 

the probability density, py. of the random variable Xj is given by repeated Hint: Again, this exercise 

convolution of the function p with itself, i.e. requires proof by 
induction. 


Pxy = POPS 


N-=1 convolution 


The notion of taking repeated convolution of a function may appear to be a little 
daunting. According to the definition introduced in Block I, Chapter 3, Section 
3.5, the function py, = p@ pis obtained from p(«) by performing a single integral. 
The function py, = px, & p is obtained from the function py, and p 
by performing a furthe: ion, and so on. However, you will see that the use 
of the convolution theorem enables us to avoid having to perform these multiple 
integrals. 


The following example and exercise illustrate the application of equation 


(5.5). 
Example 5.2 


Let X = a +9, where 2; and 22 are independent Gaussian random vari- 
ables with mean values (271), (72), and variances a7, 03, respectively. Show 
that X has a Gaussian distribition. Determine its mean value (X) and 
variance aX. (This result is illustrated in Figure 5.3.) 


Deduce that the sum of N independent Gaussian random variables is also a 
Gaussian random variable. Why is the central limit theorem a much stronger 
result than this? 
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Solution 


The result can be obtained from equation (5.5) by calculating the convolu- 
tion of two Gaussian functions directly. It can also be obtained by Fourier 
transforming, using the convolution theorem, and evaluating the inverse 
Fourier transform. In this case it is more convenient to follow the latter 
approach, which avoids doing any calculation. 


Observe that each probability distribution is a Gaussian function of the form 
p(x) = Aexp|[—(x — 1)?/207], where j1, o? are the mean and variance, and 
A is chosen to normalise the distribution. Now we use results from Block I, 
Chapter 3, in particular the result that the Fourier transform of a Gaussian is 
a Gaussian (Exercise 3.18). We find that the Fourier transform of each prob- 
ability density is a Gaussian of the form p(k) = aexp(ibk) exp(—k?/2c?), 
where a, b, ¢ are constants which we need not determine. The probability 
density of the sum X = a + 2 is the convolution of the probability densi- 
ties of each variable. Using the convolution theorem, the Fourier transform 
of the probability density py of the sum is proportional to the product of the 
Fourier transforms of the probability densities of each variable. We therefore 
have (using equation (3.51) of Block 1, Chapter 3) 


px(k) = V2m x ay exp(ibik) exp(—k?/2c?) x az exp(ibok) exp(—k?/2c) 
= ay exp(ibx k) exp(—k?/2c%), 


where ay, bx and cx are three constants that can be determined in terms of 
a, by. €) and ag, be, co. The formulae for these constants are not significant 
here; the important point is that the Fourier transform of py has the same 
form as the Fourier transform of a Gaussian function. We conclude that 
X is Gaussian distributed. The mean and variance are obtained from the 
results of Exercise 5.1, ie. (X) = (a1) + (wg) and o% = of + 03. 


It follows by induction that the sum of N independent Gaussian random 
variables is Gaussian, and from Exercise 5.2 we see that the mean and 
variance are the sums of, respectively, the means and variances of each 
component. The result is therefore consistent with the central limit theorem, 
It is much weaker however, in the sense that the central limit theorem states 
that the probability density of the sum approaches a Gaussian even in cases 
where the elements of the sum have a non-Gaussian distribution. 1 
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Figure 5.3 Illustrating the conclusion of Example 5.2: the probability density px 


of the sum of two Gaussian variables a, and iro is also a Gaussian. The parameters 
a aise $ aa 
$102 = jg) 80 (X) =2 and o& = 3. 
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Exercise 5.7 


‘Two independent random variables 7, and az both take values between 0 and 1 with 
a uniform probability density. Show that the probability density of X =, +a» is 
a function with a triangular graph, as illustrated in Figure 5.4. 


p(X) 1 


0.0 - 
0.0 10 2.0 Xx 


Figure 5.4 Illustrating the result of Exercise 5.7: this is the probability density py 
of the sum of two random variables, each of which has a uniform distribution 
p=1on the interval [0,1]. 


You have seen that the probability density of the sum of two independent 
random variables is given by the convolution py = p; @ pg. If you studied 
the solution to Example 5.2, you will have already seen the convolution the- 
orem used to evaluate the convolution of two Gaussian probability densities; 
now we shall consider the application of the convolution theorem in a more 
general context. Let p(k), fo(k) and py(k) be the Fourier transforms of 
the probability densities p;, pg and py, respectively. Applying the convo- 
lution theorem to equation (5.6) shows that the Fourier transforms of these 
probability densities are related by multiplication: 


Dy (k) = V2m py (I) pa(h). (5.14) 


Multiplication is a simpler operation than convolution, so this looks like a 
promising approach to understanding the form of the function py(k). 


If X is the sum of N independent random variables, all having the same 
probability density p, the probability density of X was shown (in Exercise 
5.6) to be 

Px =p@p@-+-Op. (5.15) 


N-=1 convolutions 


By repeated use of the convolution theorem, the Fourier transform of py is 
Ax (ht) = (2) YY face) (5.16) 


It is certainly much easier to analyse repeated multiplication than repeated 
application of convolution integrals, and we shall now try to determine 
px(X) by using equation (5.16) to determine py(k), and finding the in- 
verse Fourier transform. This suggests that we should investigate the form 
of the Nth power of some function, f(z) say, in the limit where N is large. 
We do this in the next section, and find that (under very general condi- 
tions) [f()]'’ is well approximated by a Gaussian when N > 1. This result 
is the key to understanding the central limit theorem: we know that the 
Fourier transform of a Gaussian function is also a Gaussian function (see 
Exercise 3.18 of Block I, Chapter 3), so py(X) is also expected to be well 
approximated by a Gaussian function. 
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Hint: In this case you will 
find it easier to calculate 
the convolution directly by 
integration, rather than 
through the convolution 
theorem. The solution of 
Exercise 3.22 in Block I, 
Chapter 3, may be useful. 


You might find it useful to 
review the convolution 
theorem at this poin 20 
Block I, Chapter 3, Section 


35. 


For notational convenience, 
we now drop the subseript 
N from Xy in the results 

of Exercise 5.6, 


5.4 The Gaussian approximation to [/(°)}Y (Optional) 


5.4 The Gaussian approximation to 
[f()] (Optional) 


Consider a real-valued function f(x), whose magnitude |f(w)| has a finite 
global maximum at «9 (that is, |f(ao)| is the largest value of |f(a)| for any 
real x), We assume that the function is twice-differentiable at x. The first 
derivative of this function therefore vanishes at xo (that is, f(a) = 0), so 
in the vicinity of ao it may be approximated by 


f(x) = fo + $f 6x? + O(6x*), (5.17) 


where dz = « — x9, fo = f(ao) and fi = f" (xo). In the following we also 
assume that the second derivative is non-zero at xo. We consider the form 
of the function [f(«)]’, where N is a large positive integer. We aim to show 
that this is very well approximated by a Gaussian function (which will be 
obtained as equation (5.25) below). This result is illustrated in Figure 5.5, 
which shows f(«), [f(x)]*, [f(«)]"®, and Gaussian approximations gy() to 
the functions [f(a)]", for the case where f(a) is a Lorentzian function 


1 
2) = —— a 
AGUS See 
We see that the Gaussian approximation is very good for N = 3, and almost 
inguishable from the function itself for N = 10. 


(5.18) 


f(x) 


Keo) 

7 
/ 
/ g(x) 
[fa]? 


_ 810) 


Figure 5.5 Graphs of f(x) =1/(1 +22), [f(2)]%, (f(«)]!, and Gaussian 
approximations to the latter two functions. The Gaussian approximation to 
(f(x)]% is g(a) = exp(—Nax 


Figure 5.6 shows similar graphs for the case where 


f(x) = sine(#) = { 1 aaa 


9 
< r=0. eit) 


Again, the Gaussian approximations are seen to be very accurate when N 
is large. 
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Figure 5.6 Graphs of f(a) =sine(x), [f(a], [f(w)]8, and Gaussian 
approximations to the latter two functions. Here the Gaussian approximations are 
gn (x) = exp(—Na?/6). 


We now show that [f(x)] can be approximated by a Gaussian function 
when N is large. It is convenient to divide f(x) by its value where | f(2)| 
is a global maximum, so that we consider a function which has a maximum 
value which is unity. We define functions F and Fy as follows: 


Re ad jon ie ie 
a lacs Fvte) = [7125] ‘ aa 


By definition, Fy (2x) is equal to unity when « = xo, and |Fy(r)| < 1 every: 
where except at a. For any number a when |a| < 1, we have limy—.. a = 
0, so in the limit as N — 00, Fy (a) — 0 everywhere except at 2 = vo. When 


N > 1, F(z) is approximately zero, except for a very small inte: in the 
ity of the point 2 = xo, where F\y(ro) = 1. We therefore consider in 
detail an approximation to Fy(x) which is valid in the vicinity of 2 = ap. 
We write 
Fy (x) = exp(N [In F(z)}), (5.21) 


which is justified in the region of interest around the maximum of |,f(«)| at 
ao, where F(x) is positive. We now expand F(x) in powers of da = x — xo: 
noting that F’(a9) = 0 because xp is a maximum. Defining Fy = F(sr9) and 
Fy = F'"(xo), we have 
Fy(x) = exp (N In [Fo + $8Y) dx? + O(6x*)]) 
= exp (N In [1 — Sadx* + O(d2")]) , (5.22) 


since /) = 1, and where a = —F¥ is a positive number because F(a) has a 
maximum at x = xo with (ao) 40. We now use the relations 
In(l +2) =2—27/242°/3+---, 
exp(x + y) = exp(z) exp(y), (5.23) 
exp(z) =1+a2+a?/24--- 
to simplify equation (5,22). First we expand the logarithm, then factor 
the exponential, and finally expand the exponential function containing the 
error term: 
Fy(x) = exp [-gaN Ox? + NO(6x*)| 
= exp (—}aN dx?) exp [NO(dx°)] 
= exp (—jaN dx?) [1 + NO(dx*)] . (5.24) 
Thus Fy(“) may be approximated by a Gaussian function, with a rela- 
tive error which is small when Ndr’ is small. The Gaussian approxima- 
tion is therefore valid inside a small interval centred on ao, of half-width 


Ax ~ N~'/3, At the boundaries of this interval, however, the Gaussian 
approximation is small, since exp(—}aN Az?) ~ exp(—ja.N4) approaches 


5.4 The Gaussian approximation to {f(«)|Y (Optional) 


zero in the limit as N — oc. Thus the Gaussian approximation (5.24) is 
valid inside that small interval [a9 — Aw, 9 + Az], whereas outside this in- 
terval both the Gaussian function and Fiy(a) are approximately zero. We 
conclude that when N > 1, the Gaussian form 


[F(a] = [F (ao) exp[—Za.N (@ — xo)"], (5.25) 


where a = —fj/ fo, is a very good approximation for all values of «. 


Exercise 5.8 


Calculate the Gaussian approximations for the functions used in Figures 5.5 and 
5.6, and confirm that your results agree with the functions quoted in the captions. 


[Hint; Because the function sin(«)/a is undefined at « = 0, you may find it useful 
to write down the Taylor series for sina and use this to give the Taylor series of 
sine(x), The second derivative which is required is easily extracted from this series.] 


We can state our conclusions about the validity of the Gaussian approximation 
more formally, Consider the accuracy of the Gaussian approximation (5.24) 
when |x| < N", where 7 is some number which we choose for our convenience. 
We shall choose 1 such that the error term in (5.24) becomes small compared 
to unity as N — oo. This means that N'*5" < 1 for N > 1, 80 1+3n <0, Le. 
ns}: 


The Gaussian function takes the value exp(—}aN!**") when |éx| = N", and 
this becomes small in the limit as N — oo when | + 27> 0, that is, when 
n> —4}. Thus we may select —3 << —}, and find that as N — oo, the 
Gaussian approximation is valid even when dy is sufficiently large that the 
Gaussian function exp(—4aNéder*) is very small. 


We shall also need a Gaussian approximation in the case where f is a 
complex-valued function of a real variable x, for which the global maxi- 
mum of |f()| is at vo. In this case, the function f(x) itself need not be 
stationary at xo, despite the fact that | f(a)| is stationary there: this point is 
considered in Exercise 5.9 below. Again, it is convenient to divide by f(:o), 
and we write F(x) = f(«)/ f(a) in the form 


F(x) =1+ * ba + \# 627 + O(6x*). (5.26) 


The linear term is purely imaginary, as shown in the following exercise. 


Exercise 5.9 


Show that the condition that |/| is stationary at 2p implies that f’// is purely 
imaginary at that point. 


Now let us consider the form of the Gaussian approximation to Fy(a) = 
[F(a)}* when F(x) is the complex-valued function in equation (5.26). We 
can follow quite closely the steps of the earlier calculation for real functions. 
First we write fj = i6’ fo (where in Exercise 5.9 we saw that 0’ is real), and 
fi = —afo (where, in general, a does not have to be real). Then equation 
(5.21) gives 


Fyy(a) = exp [N In (1+ (f}/fo) da + 3(f8/fo) 6x? + O(6x*))] 
= exp [N In (1+ i0/dx — $adx? + O(52%))] . (5.27) 
Now we use the Taylor expansion of the logarithm, from equations (5.23): 
Fyy(x) = exp [iNO'6x — 4 Na dx? + 4.6? 5x? + NO(6x*)] . (5.28) 
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Hint: Write f = Rexp(i@), 
where R and @ are 
real-valued functions of w. 
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Finally, we use the results on the exponential function, also in equations 
(5.23), to obtain 


Fy (x) = exp (iNO'6x) exp [—5.N (a — 0?) dx?| [b+ O(Néx*)] . (5.29) 


This resembles the result for real functions, but there is an additional factor 
exp(iN6@'6x), and a is replaced by a — 0. 


5.5 Fourier transform of a probability 
density (Optional) 


You have seen in Section 5.3 that the probability density py for a sum of The material in this section 
N identically distributed random variables is given by repeated convolution — will not be assessed. 
of the probability density for a single variable, p. The convolution theorem 

shows that the Fourier transforms of these distributions are related by equa- 

tion (5.16), that is, py = (27)'%—/2p%_ In the previous section you saw 

that f approaches a Gaussian as N — oo, under quite general conditions, 

This suggests that py may approach a Gaussian function. Because the in- 

verse Fourier transform of a Gaussian is also a Gaussian function, this would 

lead to a justification of the central limit theorem, In order to apply this, 

it is necessary to characterise the properties of the Fourier transform, p(k), 

of a probability distribution function p(«). We shall need to establish two 

results concerning the Fourier transform of the probability density. First, 

we need to show that the Taylor expansion of p(k) is related to the moments 

of the random variable wv. Secondly, we need to show that the magnitude of 

the Fourier transform p(k) has a global maximum at k = 0. 


Because the probability density is normalised, the Fourier transform The concept of 
1 roo normalisation of a 
Atk) = —= | dx exp(—ike) p(x) (5.30) probability density was 
Vet Joo introduced in Subsection 
Ll. 


takes the value 1/V27 at k= 0, By differentiating equation (5.30). we 
establish that derivatives of p(k) at k =0 are related to the moments of the 
probability density p(a): for example, 


+1(0) dp 1 Pe d (ik) Here the notation f(k)|,=0 
j => =— lx p(x) —- exp(—the. means ‘the function f(h) 
dk |g 2m =3 dk k=0 evaluated at k= 0". 
= da xexp(—ike) p(«) 
Vor f oo k=0 
7 se 
= iz dx x p(x) = (5.31) 
mt Jo 
Similarly, we find 
Tp -1. 
poy = <4) = =e), 5 
P"0)= Fal. = ae) (5.82) 


5.5 Fourier transform of a probability density (Optional) 


Exercise 5.10 


Derive equation (5.32). Write down an expression for (c"') (with n > 0 an integer) 
in terms of derivatives of p(k). 


It can be shown that the magnitude of ~(k) is greatest at k =0, (This 
is expected because p(x) is nowhere negative, and the oscillations of the 
function exp(ika) cause cancellations when k 4 0.) The following exercise 
provides the proof. 


Exercise 5.11 
Show that |p(k)|? has a global maximum at k = 0. 


(Hint; Show that 
2 ell Pi 
iO)? Ip? = 5 [de [dy [1 con h(a —u)] ee) oly), (6:88 


and show that this integral is never negative. 


Note that |p(k)|? = p(k) x [p()|*. and express both p(Je) and its complex conjugate 
as integrals involving the function p(:).| 


It follows that if p(k) is expanded as a Taylor series about k = 0, the coef- 
ficients are related to the moments of p(x): 


ee dp aes 2 
DATA as ra Latin bere wy ees 
1 ‘ pone : 
=a Toa (1 —i(x)k - 3 (a?) k? free), (5.34) 


From the result of Exercise 5.10, we know that in general the coefficient in 
k" js proportional to the moment, (x"), so 
i F 
p(k) = = [1 — ite) — 3 (a)? + O(K* 5.35) 
Pl Sie [1 — ia)k — (x?) (K*)| (5.35) 


(provided that the moments (wv) and (a?) exist). 
This expression (5.35) is of the same form as (5.26), and we have seen that 
k = 0is the global maximum of |p(k)|. We may therefore use equation (5.27) 
to give an approximation for [p(k)]: we see we must substitute dx = k, 
fo = 1/V2r. 0 = —(x), and a = (x?), so, from equation (5.29), we have 
(a(k)]Y = (2n)-*/? exp(—iN (xk) 

x exp [—3.N ((a?) — (w)?) k?] [1+ O(Nk*)] . (5.36) 
Using equation (5.16), we multiply by (27)(~)/? to obtain an approxima- 
tion to py (hk), and evaluate the inverse Fourier transform. Noting that most 
of the factors of ¥27 cancel, we find 


- 1 - 4 
px(k) > Te exp(—iN ()k) exp(—No?k?/2), (5.37) 
so 


px xf. dkexp [ik (X — N(z))] exp(—No?k?/2) 


(5.38) 
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Note that this exercise is 
harder than average. 


Here we have used the 
Fourier transform of the 
Gaussian function, from 
Block I, Chapter 3, 
Exercise 3.18, 
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where o? = (x) — (x)?. This is a normal distribution, with mean and vari- 
ance in agreement with equations (5.3) and (5.4). We shall not discuss the 
error of this approximation. 


We assumed that the moments («) and (x?) exist. It may be possible to 
extend the series (5.35) to include terms of higher order in k, but in many 
cases the higher moments are infinite. We conclude this section by briefly 
considering the condition which determines whether moments exist. The 
crucial issue is how rapidly the function p(a:) decreases as « — too. If p(a) 
decreases too slowly, the integral defining the ‘moment will be divergent. 
The calculations are left to the following exe which is quite hard. If 
you are not familiar with manipulating inequalities involving integrals, you 
might like to turn to the solution directly. 


Exercise 5.12 


Consider a random variable which takes only positive values, in the case where the 
probability density can be bounded so that when « is larger than some constant 
®o, 


p(x) < aa?. (5.39) 


Show that the moment («”) exists provided that 3 > n+ 1, Conversely, show that 
if 


pl) > aa~? (5,40) 


when « > ao, the moment (x") does not exist when n > 3 — 


This exercise shows that continuing to expand p(k) as a Taylor series may 
not be meaningful, because the coefficients are not well defined. However, 
our derivation of the central limit theorem requires only that («) and (a 
exist. 


5.6 Summary 


This chapter started by describing the central limit theorem, and illustrating 
its applications. Very often a random variable is the sum of a large num- 
ber of independent influences with similar magnitudes, and the central limit 
theorem indicates that we should expect such a random variable to have a 
probability density which is close to a Gaussian function. This underlies the 
fact that Gaussian probability densities are so commonly encountered that 
they are termed ‘normal distributions’. We illustrated some applications of 
the central limit theorem, in which you are given information about the dis- 
tribution of the component random variables x;, and are asked to determine 
the Gaussian probability density of their sum X. The normal probability 
function N(x), tabulated in Section 1.3, was used to make statements about 
the probability that X will lic inside a given interval. 


We also discussed an approach to explaining how the central limit theorem 

arises. There are several stages to the argument, and it may be helpful to 

summarise these. 

e We showed that the probability density for the sum of two indepen- 
dent random variables, X = «; + ra, is given by the convolution of their 
individual probability densities: py =p, @ po. 


Hint: The proof involves 
writing (@”) as an integral, 
and splitting the region of 
integration into regions 
where the integrand can be 
bounded. 
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e The convolution theorem then implies that the Fourier transforms of the 
probability densities are related by multiplication: py = V27 py po. 

e We extended this to the sum of N random variables 2; all having the 
same probability density p(x), the probability density of the sum X = 
NEO x; being py(X). We found that the Fourier transforms of the 
probability densities are related by p(k) = (2n)(N-Y/2[p(a)}. 

e If f(x) is a function with a global maximum at xo (and satisfying some 
other conditions which usually hold), we showed that in the limit as 
N = on, [f(x)|* approaches a Gaussian function with its maximum at 
Tw. 

¢ Combining the previous two results, we concluded that p(k) approaches 
a Gaussian function as N — oo. Because the Fourier transform of a 
Gaussian is also a Gaussian, we concluded that p(X) also approaches 
a Gaussian function. 


At the start of the discussion we did not specify the conditions on the prob- 
ability density p(x). We found that the coefficents of k” in the expansion 
of p(k) are proportional to the moments (x"). We showed that for some 
choices of p(x), the moments might all be infinite after a certain value of n. 
However, our calculation required only that the first two terms of the Taylor 
series expansion of p(k) exist. Thus, the central limit theorem is applicable 
whenever both (a) and (i?) exist. 


5.7 Outcomes 


After reading this chapter, you should: 

e be aware of the scope of the central limit theorem, and be able to identify 
situations where it can be applied; 

e be able to write down the Gaussian approximation for the probability 
density of the sum of independent random variables with the same mean 
and variance; 

e be able to use tables of the normal distribution function N(a) to deter- 
mine the probability that a Gaussian distributed random variable lies in 
a given interval; 

e be aware that the distribution of a sum of independent random vari- 
ables is the convolution of their individual distributions, and be able to 
calculate these convolutions in simple cases; 

¢ be aware that [f(:«)]* approaches a Gaussian function as NV — oo, under 
very general conditions, and of how this fact is related to the central limit 
theorem. 
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5.8 Further exercises 


The following harder exercises provide an illustration of the central limit 
theorem for the case where the random variables which are summed have 
the probability density 


pla) ={ ae: - 2 2 (5.41) 


which describes random intervals between events. This probability density 
was derived in Exercise 1.32, and was also considered in Exercises 1.9, 1.16 
and 5.4. It is called the Poisson distribution. 


Exercise 5.13 


Consider N independent random variables, each one of which has a Poisson dis- 
tribution, with probability density given by equation (5.41). In Exercise 5.4, you 
found the mean and variance of this distribution: replacing 7 by 1/A, these are 
(a) = 1/2 and (a?) — ((x))? = 1/)*, respectively. 


Let py, (X) be the probability density 
Show that this is given exactly by 


for the sum Xy of N such random variables. 


DRS tenis OP ne AN 0 q 
pxy(X) {re is ee (6.42) 


(Hint: Write py 
px, (X), then it is also valid for py, (X). Checking that the result is valid for 
1 then implies that it is also valid for all N > 1. ‘This is a further example of 
proof by induction.] 


is = Pxy @p, and show that if the equation above is valid for 


Exercise 5.14 

Write the exact expression for the probability density py, (X) (valid for X > 0) 
obtained in the previous exercise in the form py, (X) = exp[—dy(X)]. Show that 
the single minimum of @y is at (N —1)/A. Using Stirling’s formula (quoted in 
Section 2,6), show that the Taylor series expansion of @y(X) about its minimum 


may be approximated by 
oY N-1\? 

on(X) =— in [an(N — aa ; balk 

on(X) = —Ind + } In [2n( N+ sR =p 5 ) (5.43) 


Use this result to obtain a Gaussian approximation for py, (X). 


Exercise 5.15 


Write down a Gaussian approximation to the probability density for the sum Xiy 
independent random Poisson distributed variables, obtained from the central 
limit theorem, How does this result compare with that obtained in the previous 
exercise 


Calculate the exact values of py, (X) when A= 1 and N = 10, at X = 10, X = 13 
and X = 20, and compare with the two Gaussian approximations. 


Solutions to Exercises in Chapter 5 


Solutions to Exercises in Chapter 5 


Solution 5.1 


In Subsection 1.2.2 it was shown that the mean value of the sum is the sum of the 
mean values, so (X) = (ay) + (a2). 


The second moment of X is 


(X?) = (xf + Qerve + 3) = (x? 


ra) + 2(er1) (a2), 


where we have used the result that, for independent variables, (wya2) = (21) (wa); 
see Exercise 1.21, Recalling the relationship between the variance and the second 
moment given in equation (1.34), the variance of Y is 


oe y— (x? 


Solution 5.2 


Using equation (1.44), we find that the mean value of Xy is the sum of the mean 
values of each of its components: 
(Xw) = N(a). 

The variance of Xj requires a more elaborate argument, which is an example of 
proof by induction, If the variance of the sum of N independent random variables 
is aX, then the second result derived in Exer 1 shows that 04,4. = 0% +07, 
because Xv and xy; are independent. Thus if the relation 0% = No* were true, 
we would have o%,; = (N+ 1)o, We have shown that if the relation 0% = No? 
is true for any choice of N, it is also true for N +1. Repeating the argument 
establishes that it is true for any integer greater than or equal to N. By definition 
, 80 the relation 0% = No? is true for all N > 1. 


Solution 5.3 


The probability density is equal to unity in the interval ‘0, 1], and zero elsewhere 
(you can easily check that this is normalised.) Using equations (1.30) and (1.31), 
the mean and second moment of each «; are 


1 
[ave 
0 


= (a)? =1 


Using the results of Exercis 
random variables are (X) = N (x) 


Solution 5.4 


The probability density is p(t) = exp(—t/7)/7 for t > 0, and zero for t <0. The 
first and second moments are obtained using successive integration by parts: 


w= at exp(-t/0) = [~ dt exp(-t/7) = 7, 


A re 2 
- dt t* exp(—t 
if ati exp(—t/r) 


= af a exp(-tfn) 
JO T 
= 2r(t) = 27". 


) 


it 
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The question states that the manufacturer claims that (t) = 100 hours, so we should 
take r= 100hours. The variance is 0? = (t?) — (t)? =7*. Assuming that N = 10 
may be regarded as a large enough number to justify applying the central limit 
theorem, the probability density for the time T for N bulbs to fail is then 
(T- | 
bya) ad xp | 
pr(T) lamNt | IN 
The probability for N bulbs having failed between T = 0 and T = 580 hours is 


‘580 
P(T < 580) = i aT p(T) =N (FR) -N(-VN) 
0 


580 — Nr 
~N a), 5.44) 
v(m oe 


where N(xr) is the normal probability distribution defined in Section 1.3, and the 
change of variable « = (T — N7)/VNr was used. (The final approximation is jus- 
tified by the fact that N(—yN) is negligibly small when N is large.) We find 
that 

580—Nr _ 580-10 x 100 
V10 x 100 
Referring to Table 1.2, we see that N(—1) ~ 0.16 and N(—1.5) ~ 0.067; N(— 8) 
must lie between these values. Based on the manufacturer’s figure, the probability 
of waiting 580 hours or less for 10 bulbs to fail is therefore greater than 0.067. This 
is not highly improbable, and more observations might be required before disputing 
the manufacturer's claim. 


=—1.328.... 


Solution 5.5 


If x is the weight of a single coin, the mean value for the weight X =>, a; of 
N = 100 coins is (X) = N(x) = 100 x 10g = 1000g. If o? is the variance of the 
mass of an individual coin, the variance of the weight of N coins is No? = 100 x 
(0.1 g)? = 1g, for which the corresponding standard deviation is 1g. According 
to the central limit theorem, the probability density for the weight of 100 coins, 
expressed in grams, is therefore 


pee moe (-S=mr). 


2 


The probability for the weight of N = 100 coins being closer to the mean weight of 
99 or less coins than the mean weight of 100 coins is equal to the probability that 
the weight is less than 995g. This is 


995 


- 2 
P(X < 995) = = [ dX exp (-Sa"") 
TIO 
995, = 2 
~t fax ew (-S="") es 
Qn Joo 2 


using the change of variable y = X — 1000 in the final step. The approximation 
involved in changing the lower limit of integration is justified by the fact that the 
integrand is negligibly small when X <0. From Table 1.2 in Section 1,3, we see 
that N(—4) ~ 3 x 10~°, and N(—5) will be even smaller. There would be an equal 
probability for the weight to be greater than 1005g. The sum of these is much 
less than 10~%, so this method would be considered sufficiently reliable for counting 
batches of 100 £1 coins. 


The coins should preferably be mixed before counting because batches of coins 
reaching the bank from some sources might be more heavily worn. This would 
invalidate the assumption that the weights are independent. 
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Solution 5.6 


This is another example of proof by induction. The result was shown to be true for 
N =2 in the derivation of equation (5.6). Assume that the result is true for the 
sum of NV terms, and use the result (5.6) to obtain py, ,: 


Pxyss = PO Px 
=p@p@p@--@p 
{eRe es 


N-—1 convolutions 


=pSpe- 


N convolutions 


Thus we have shown that if the result is true for Xy, it is therefore true for Xy41, 
for any N > 2. We have already seen that the result is true for N = 2, so it is true 
in general. 


Solution 5.7 


The probability density of each variable is p(a) = y(2e — 1), which is unity on the 
interval from 0 to 1, and zero elsewhere. The probability density of X =a, +29 is 
the convolution 


poo 
px (X) = / de p(X — 2) p(c). 
oo 
It follows directly from this expression, and the fact that p(a) is one on [0,1] and 
zero otherwise, that the probability density py is the length of the a-interval where 
both p(X — x) and p(x) are non-zero. If X < 0, the integral is zero because there is 
no value of x for which both p(a) and p(X —.x) are non-zero. For the same reason, 
when X > 2, the integral is zero. Now consider the case when 0 < X < 1. In this 
case the «-interval where both p(x) and p(X — x) are non-zero is 0 < « < X, and 
the length of this interval is XY. Finally, consider the case when 1 < X < 2. Here, 
the a-interval where both p(x) and p(X — x) are non-zero is X — 1 < x < 1, and its 
length is 2— X. Hence we can write 


xX, fO<X <1, 


2-X, if1<X<2, 


0. otherwise. 


‘Thus the graph of py is as shown in Figure 5.4. We can also write py symbolically 
in other ways: for example, 


px (X) = X x(2X — 1) + (2— X)x(2X - 3). 


Solution 5.8 


For Figure 5.5, the function is f(#) =1/(1+*). The maximum is clearly at 
xy =0, We have F(x) = f(x) because f(29) = 1. The Gaussian approximation, 
equation (5,25), is g(a) = exp(—4aNx*), where « = —F”"(0). 


The first two derivatives are F"() = —2a/(1 +22)? and F(a) = (6a? — 2)/(1+ 
22), so @ = —F"(x) = 2. The Gaussian approximation is then 
(f(a) ~ gn(x) = exp(—Na®). 


Alternatively, we could have noted that (1 +«?)~! = 
(from equation (5.17), giving a = 2 directly. 


For Figure 5.6, the function is f(a) =sine(w). Again, we have ap = 0 and F(a) = 
f(x). In this case, it is not straightforward to calculate derivatives of F(a), because 
sin(c)/xr is undefined at « = 0. Instead, we use the Taylor series expansion of sinx 
to deduce the Taylor series for sine(:): 


1 
sine(z) = > i aa er via 
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Comparing this with the expansion F(a) = 1— ax? +---, we see that a = +, and 
the Gaussian approximation is 


LF (@)|* ~ gn (a) = exp(—Nx?/6). 


Solution 5.9 


ite f(x) = R(x) exp[i0(a)], where R > 0 and @ are real-valued functions of 
w. Note that |f|=R, so R’=0 at a maximum of |f|. We have f! = (R’ + 
io’ R)exp(i0), so f'/f =%0' at a maximum of |/|, because R’ = 0 there. This 
is purely imaginary because @ is a real function. 


Solution 5.10 


Differentiating exp(—ikw) twice with respect to k gives —x? exp(—ikwx). It follows 
that differentiating equation (5.30) twice with respect to k gives 


= oo s 
4 zf. daa? exp(—ike\\p(a). 
Setting k = 0 gives 


Pp 1 L 2 
| =-—= |] dxp(x)a? = 
dk? | 9 VT J—o0 ete) 
which is equation (5.32), Differentiating p(s 
factor of (—ér)" in this integral instead of —z 


ep 


n times with respect to k gives a 
Multiplying both sides by ¥27i" 


ri" p\"(0), 


Solution 5.11 


Using equation (5.30), we have 
x x 
\a(k)|? = [a(k)]* x pk) = ral da exp(ika) p(x) / dyexp(—iky) ply) 
re fee ens 
Lee ss ; 
= a ff avesolinn —y)] p(x) ply) 
= & [ ite fw conte = y)} ple) pt) 


te a [ tte [ _tlysinik(e 1) (2) oa. 


The second term must vanish, because the left-hand side is real. (It can be seen 
why this integral is zero by noting that the integrand has odd symmetry about the 
line y=.) An expression for |p(0)|? is obtained by setting 0 in the above 
expression. Subtracting the expression for |A(k)|? from that of |p(0)|? leads to the 
equation quoted in the hint. Note that cos{k(a—y)| is never greater than one, 
therefore 1 — cos{A( — y)] can never be negative, The function 1 —cos[k(a — y)] is 
equal to zero for all (x,y) in the case k = 0, but for all other values of k the product 
of the three non-negative functions is positive over a finite area in the («,y)-plane. 
Hence |p(0)|? — |a(ke)|? is never negative, and it follows that the maximum of |p(k)|?. 
and hence of |p(k)|, must be at k = 0. 


The central limit theorem 
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Solution 5.12 


Consider the moment («”), in the case where p(x) < ax~8 for « > wo: 
20 
(a) [ de plz) 2" = hy +h, 
0 


where the integrals J, and Jy are contributions to the moment from the two regions 
0 <x <2» and « > xr, respectively, Note that the lower limit of integration may 
be set equal to zero because the random variable is positive, so that p(«) = 0 when 
« <0. These two integrals are bounded as follows: 


h= if dar plat) a” < att if dex p(w) < ef dx p(w) be 
0 fy 


. eat 
b= f _ eapla) < f , feaa" P= - T 


The final step used in bounding Jy is valid provided that n+1—< 0. In this 
case (c") exists, because the integrals J; and Jp have been shown to be finite, 


If p(x) > ax~* for w > xp, the integral Jp satisfies 


oe 
h> of de a"P, 
0 


and the integral on the right-hand side diverges as the upper limit approaches 
infinity when n — 3 > —1, In the case where n > 4-1, (") is infinite. 


Solution 5.13 


Assume that the distribution for the sum of N such random variables is as quoted 
in the question. The probability distribution for V + 1 Poisson distributed random 
variables can then be obtained by calculating the convolution of the distribution for 
the sum of N Poisson random variables with the distribution for a single Poisson 
random variable; 


Pry (X)= fo de pyy (a) p(X —2) 


\VgN-1 

= [ae or Ta PAA cPLA ~ 2) 
0 
aN +1 x 


= Ww-n exp(—AX if 


\Nti yn 


exp(-AX). 


Note that py, ,,(X) =0 for X < 0 because the integrand in the first line will then 
be zero for all 2. The second line. valid provided X > 0, used the fact that the 
probability densities are zero for negative values, to restrict the range of integration, 


Setting NV = 0 in this expression, or N = 1 in the expression given in the question, 
we obtain the Poisson distribution itself, so the result for Pxy(X) is correct for 
N=1. The calculation above shows that if the result is true for N, it is true for 
N +1. The expression given in the question is therefore true for all integers N > 1, 
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Solution 5.14 
Taking logarithms, the function dy(X) is 
on(X) = —In[px, (X)] = AX — (N —1)InX —NInd+ In(N ~1)!, 


with X > 0. The first two derivatives with respect to X are dy(X) = A—(N — 
1)/X and ¢%(X) =(N—1)/X?. The function oy(X) is stationary when 0 = 
\-(N=1)/X, ie. at Xo =(N—1)/A. The second derivative at this point is 
o%(Xo) = A7/(N —1) > 0, so the stationary point is a minimum. The Taylor 
series about the minimum is 


n(X) = bn (Xo) + 3(X — Xo)*hK (Xo) + O(AX)?) 


=(N-1)-(N-1)In CA )+ata 


> {NI 
—Nind+ In(N —1)!+ O((AX)) 
x 
a a ie Sa 
= —IndA+ 3 ln[2a(N -1)] + 3-1) 


+O ((AX)%) +O(1/N), 


where A. 
equation (2. 


X —(N —1)/A, and Stirling's formula for In(N — 1)! (see Chapter 2. 
33)) was used to simplify the constant term. 


Exponentiating gives a Gaussian approximation for the probability density: 


Pxy(X) = 


Solution 5.15 


‘The mean and variance of X are (X) = N(x) = N/X and 03 = No? = N/D?, re- 
spectively. The central limit theorem is applicable to this problem, and gives the 
following approximation for px,,(X): 


a 
Pxy(X) = exp 
aa VanN 
This is slightly different from the result of the previous exercise: N — 1 is replaced 
by N throughout. The difference between these expressions becomes negligible in 
the limit as N — oo. 


In the following table. Py.ace(X) is given by the formula obtained in Exercise 5.13, 
Py—\(X) is the approximation obtained in Exercise 5.14, and py(X) is the approx- 
imation obtained from the central limit theorem above. 


Table 5.1 


X | Pexner(X) | py—i(X) | pn (X) 
10] 0.125 0.126 | 0.126 
13| 0.0661 | 0.0547 | 0.0804 
20 | 0.00291 | 0.000160 | 0.000850 


The Gaussian approximations are accurate close to the maximum of the probability 
density. Away from the maximum, their relative error is large, although the absolute 
error is small. 


The central limit theorem 


CHAPTER 6 


Microscopic Derivation of the 


Diffusion Equation 


6.1 Introduction 


The material in this chapter will not be assessed, because some of it may be 
conceptually difficult, particularly if you had little contact with the concepts 
of probability and statistics before starting the course. It will be possible to 
gain full marks without having read this chapter. 


This chapter is included because it finally dra: 
discussed earlier, namely the macroscopic and deterministic description of 
diffusion considered in Chapters 3 and 4, and the microscopic description 
in terms of the random walk model for the motion of molecules, which was 


s together the two strands 


introduced in Chapter 2, and supported by the discussion of probability 
and statistics in Chapters 1 and 5, Studying this chapter will deepen your 
understanding of random walks and diffusion, and we recommend that you 
read it. 


ions between diffusion and random 
‘alling some of the similarities, In Section 3.7 you 


You have seen that there are clos 
walks. Let us start by re 
saw that the diffusion equation 


Ie Me 
A ot (6.1) 
Ot Ox 

has a solution in the form of a Gaussian function 
c(a,t) = (6.2) 


which represents (for t > 0) the concentration coming from N particles, all 
of which are initially located at position 0 at time t= 0. As discussed 
in Section 3.7, we can obtain the probability density for the position of a 
» by dividing the concentration by the number of 


single partic 
p(x,t) = e(a,t)/N. The variance of this Gaussian probability de 
proportional to the time elapsed since the start of the diffusion proce: 


da x* p(a,t) = 2Dt. (6.3) 


Similar expressions occurred in our study of random walks in Chapter 2, 
and these indicate that the random walk is the microscopic process which 
causes diffusion. In Sections 2.5 and 2.7, we discussed the probability for 
a random walk which makes steps +6X or —dX each with probability 4 


This result was discussed 
in Section 3.7. 
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at a sequence of times separated by 6T. The probability P(X,T) to reach 
position X at time T satisfies 


P(X,T + 61) = 3[P(X — 6X,T) + P(X +6X,1). (6.4) 


In Section 2,7 it was argued that this equation may be thought of as a dis- 
crete form of the diffusion equation, with diffusion constant D = 6X?/267. 
Section 2.6 considered an approximate solution of equation (6.4), in the 
case where 6X = 6T = 1 (so that D = 3): It was shown that the solution of 
equation (6.4), starting with the particle located at X = 0 when T = 0, is 
well approximated by a Gaussian function 

2 


Papp(X,T) = exp(—X?/2T), (6.5) 


v20T 


which is of the same form as equation (6.2) if we set D = } (apart from the 
multiplying constant), The variance of the probability distribution for the 
simple random walk was shown (Section 2.4) to be 


(AV=7 (6.6) 


when 6X = 6T =1. Again, this is consistent with the result obtained from 
the diffusion equation, namely equation (6.3), when D = 4 


The connections between random walks and diffusion are clearly very close, 
because they both have a Gaussian solution with a variance that is propor- 
tional to time. It has already been explained that diffusion results from the 
random motion of molecules, but the derivation of the diffusion equation 
in Chapter 3 did not start from this microscopic viewpoint. In Chapter 3 
(Section 3.5) the diffusion equation was derived from Fick's law, relating 
the flux density to the concentration gradient, J = —DVc. This is an intu- 
itively appealing assumption, but it was not justified from any microscopic 
model of the particle motion. In this chapter, we shall obtain the diffusion 
equation starting from the assumption that the diffusing molecules follow 
independent random walks, in which the particles make a very large number 
of very short random steps, as illustrated in Figure 2.4. 


The first task, addressed in Section 6.2, is to consider a generalisation of the 
random walk model which is suitable for modelling the motion of molecules. 
Section 6.3 discusses a derivation of the diffusion equation which is based 
upon the central limit theorem considered in Chapter 5. This derivation is 
applicable only for an infinite medium (that is, a region without boundaries), 
and it is desirable to have a more widely applicable derivation. Section 6.4 
discusses a further generalisation of the random walk, and derives a general 
equation for its probability density. This equation is called the generalised 
diffusion equation or the Fokker-Planck equation. The diffusion equation is 
a special case of the Fokker-Planck equation. 


6.2 Continuous random walks 


6.2 Continuous random walks 


In Chapter 2 we introduced the idea that a molecule moving in a gas un- 
dergoes many collisions with other molecules, illustrated schematically in 
Figure 2.4, The motion of a molecule can be modelled by a random walk, 
but we must extend the definition of a random walk in various ways before 
it can be used to model the motion of molecules. 


First, the collisions between molecules in a gas or liquid are very frequent, 
so the time dt between collisions is very short. In practice, the time between 
collisions is so short (typically 10~!°s, as we shall see in Exercise 6.2) that 
we can take the limit as dt + 0. In this limit, the displacement a(t) of the 
particle becomes a continuous function of the position. We describe the 
limit as dt + 0 in Subsection 6.2.1. Another minor extension of the earlier 
models idom walks which is introduced there is that the displacement 
at each step is a continuous, rather than discrete, random variable. 


The other generalisation of the random walk that is required is its extension 
to three dimensions: this is considered in Subsection 6.2.2. 


6.2.1 The continuous random walk in one 
dimension 


In Chapter 2 (Sections 2.3 and 2.4) we investigated a discrete random walk, 
with the displacement X allowed to take only integer values, The displace- 
ments were changed at times T, with time having unit spacing. Here we 
consider a random walk where the displacement Av, at the nth step can 
take a continuous range of values, with probability density p,(Av). The 
steps are separated by a short time interval 6, so the displacement after 
time ¢ is 


M 
a(t) =~ Arn, where M = Int(t/ét). (6.7) 


n=1 


It is assumed that the displacements Az, are independent random variables. 
This expression is analogous to equation (2.13) of Chapter 2. Initially, we 
shall consider the case where the mean value of Az, is zero, and where the 
variance of Az, is independent of the current position of the particle and 
of time, so 


(Azp)=0 and (Arn, At.) = Tidasns (6.8) 


for some constant o. These relations are analogous to equations (2.3) and 
(2.4) of Chapter 2; here o is the typical size of the displacement at each 
step. Figure 6.1 illustrates several realisations of the random walk described 
by equations (6.7) and (6.8). 
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Note that the subscript ‘s’ 
in p, stands for ‘step’. 


Here In 
part of 


) means ‘integer 


Here dn,n, is the 
Kronecker delta symbol. 
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Figure 6.1 Eight realisations of the random walk described by equations (6.7) and 
(6.8). Here o = 0.1, 6¢ = 0,01, and p, is a Gaussian probability density. 


Following the approach introduced in Chapter 2 (Section 2.4), we describe 
the properties of this random walk by calculating the mean and variance of 
the displacement after time t. Taking the mean value of equation (6.7), and 
using equations (1.44) and (6.8), we see immediately that 
M 
(x(t) = S>(Aarn) = 0. (6.9) 
n=l 
This reflects the fact that the displacement 2(t) is equally likely to be pos- 
itive or negative. The typical size of the displacement is understood by 
calculating the mean of {«r(t)]?, using equation (6.8): 


M OM 


= Se Ag Agr) 


n=l n=1 
M M 


= 7 Da otha 


ny=1n9=1 


(6.10) 


Because M = Int(t/dt), the error in the final approximation is no greater 
than o?, 


We want to use this model to describe the motion of molecules, where the 
time between collisions is very short. We therefore consider random walks 
for which the time step dt is very small, and we shall take the limit as 6t = 0, 
so that the position «:(t) is a continuous function exhibiting a random walk. 
We want this continuous random walk to describe motion with a given value 
of the diffusion constant D, so we should choose the values of o and dt such 
that ({«(t)]?) = 2Dt. We do this by writing 


o? =2D6t, (6.11) 


so equation (6.10) becomes equivalent to equation (6.3). Because the error 
in the final step of equation (6.10) is less than 0”, and o? is proportional 


6.2 Continuous random walks 


to dt, the error in the final approximate step in equation (6.10) vanishes as 
ot > 0. 


We emphasise that this is a simplified model for the motion of molecules, which 
can be improved upon in various ways (for example, by taking account of the 
fact that the interval between collisions may not be constant), Our objective 
here is to show how the diffusion equation arises from a microscopic model 
of particle motion, and for this purpose our simple model is sufficient. More 
realistic and detailed models confirm that the diffusion equation describes the 
variation of concentration, and also enable the diffusion constant to be caleu- 
lated from first principles. 


In Section 2.5 we considered the probability P(X,T) for the displacement 
of a discrete random walk, and in Section 2.6 it was shown that this is well 
approximated by a Gaussian function. Now let us consider the analogous 
question for our continuous random walk. The displacement .(t) for the 
continuous random walk can take a continuous range of values, so its distri- 
bution must be described by a probability density, which we denote p(.r.t). 
In the limit as 6¢ + 0, the number of elements in the sum (6.7) approaches 
infinity, so the central limit theorem may be applicable. The other condi- 
tions of the central limit theorem as stated in Chapter 5 are met: we have 
a sum of independent and identically distributed random variables Aw, for 
which the mean value (Ax,) = 0 and variance (Ac?) = 2D dt both exist. 
The mean and variance of x(t) were obtained above: we have ((t)) =0 
from equation (6.9) and (a(t)*) = 2D¢ from equations (6.10) and (6.11). 
Applying the central limit theorem (using equations (5.2) to (5.4)), we 
that in the limit as 6t + 0, the probability density for the displacement 
is a Gaussian function of x: 


p(x, t) = 


This is identical in form to equation (6.2) (after dividing by N, so that: the 
solution represents a probability density for a diffusing particle). That equa- 
tion was previously shown (Exercise 3.21) to satisfy the diffusion equation, 
Solutions of the form (6.12) were plotted in Figure 3.10. 


6.2.2 Random walks in two and three dimensions 


The motion of molecules diffusing in a gas or liquid occurs in three di- 
mensions. (Figure 2.4 is a two-dimensional schematic illustration of this 
motion.) As well as considering the limiting case where the random steps 
are extremely short, we must also consider how to describe a random walk 
in three dimensions. In this section we state the equations that define the 
random walk in three dimensions. This random walk is used as a model 
for the microscopic motion of particles undergoing diffusion. In Sections 6.3 
and 6.4 it is shown that this model leads to a derivation of the diffusion 
equation. 


In its simplest form (considered in this section), the extension of the defini- 
tion of a random walk to three dimensions is straightforward: each Cartesian 
component of the position of a particle makes an independent random walk. 
Stating this more formally, we can describe a continuous random walk in 
three dimensions as follows. The displacements at the nth time step in the 
directions of the a-, y- and 2-axes, Ar,, Ayn and Az, are independent 
random variables, satisfying the following equations: 


(Atn) = (Ayn) = (Az) = 0 
(Aa) = (Ay?) = (Az?) = 2D 6t (6.13) 
(Arn Ayn) = (AtnAzn) = (AynAzn) =0. 
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The first line of the above equations specifies that the mean values of the 
displacements in the three directions are zero. The second line specifies that 
the mean-squared displacements in each direction are all equal to 2D dt, as 
for the one-dimensional case. The third line states that the displacements 
in different directions are all uncorrelated with each other (which is a con- 
sequence of the fact that they are independent). As in Subsection 6.2.1, 
we take the limit as dt + 0 in order to model the very frequent collisions 
experienced by a molecule undergoing diffusion. 


There is an alternative notation which is more compact than equations 
(6.13), and which will be used in preference later in this chapter. Let the po- 
sition of the particle be r(¢), where r has components (71, x2, (x,y, 2). 
The vector displacement at time ndt is Ar,. The components can be la- 
belled by an index i, so that the displacement may be written 


Arn = (Atn, Adin Aen) = (Azim, Maan, Stan): (6.14) 


With this notation, equations (6.13) can be expressed more concisely as 
follows. The mean displacements are equal to zero, 


(Azin)=0, i=1,2,3, (6.15) 
and the mean values of products of displacements are 
(AainAejm) =25y5nmD6t, i,j =1,2,3. (6.16) 


The factor dy, is the Kronecker delta symbol, indicating that for different 
time steps (n # m), the displacements Ax,,, have no correlation. Figure 6.2 
is a schematic illustration of the motion described by equations (6.15) and 
(6.16) in two dimensions. 


» 


Figure 6.2 Schematic illustration of the steps of a random walk in two dimensions 


Exercise 6.1 


Taking the limit as 6¢ + 0 such that the diffusion constant D remains fixed, write 
down a probability density for the particle to reach (r,y.=) after time ¢, starting Hint: Recall that 


at the origin when t = 0. probability densities for 
‘ ‘ . 3 independent variables are 
How does this compare with the result of Exercises 3.2 and 3.24 in the two- multiplied. 


dimensional case? 


6.3 From random walks to the diffusion equation 


Exercise 6.2 


The diffusion constant D for carbon dioxide molecules diffusing through air i 
sured to be 1.29 x 10-5 m?s~!, Between collisions, the molecules move at a speed 
v which is comparable to the speed of sound, roughly 260ms~'. Make rough es- 
timates of the typical distance that the carbon dioxide molecules travel between 
collisions, and of the number of collisions each carbon dioxide molecule experiences 
every second. (Because you are asked for rough estimates, it is sufficient to use 
formulae from Subsection 6.2.1 which apply to a one-dimensional model.) 


mea- 


6.3 From random walks to the 
diffusion equation 


You have now seen how to extend that definition of the random walk to 
three dimensions, and to the limit where the time step, dt, is taken to zero. 
Now it will be shown how this model for the microscopic motion of molecules 
leads to the diffusion equation. In this section you will be shown a simple 
derivation which uses the central limit theorem, but which applies only when 
the particles move in a region without boundaries. Section 6.4 will give a 
much more general derivation. 


In the following, we assume that individual particles follow independent ran- 
dom walks, similar to that shown schematically in Figure 2.4, and show that 
the concentration of particles satisfies the diffusion equation. For simplicity, 
we consider a situation in which the concentration depends upon only one 
Cartesian coordinate, so that we need to consider only a one-dimensional 
situation; the extension to three dimensions is straightforward. In this sec- 
tion we assume that particles are diffusing in an infinite medium; the more 
difficult case of a medium with boundaries is treated in the next section, 


Consider the concentration of particles that results from N particles being 
released at position zo at time to. What is the concentration of particles at 
time ¢? The probability for any given particle moving into the small interval 
between « and x + 6x is JP = p(a — xo.t — to) da, where p(Ax, At) is the 
probability density for moving a distance Aw after time At. If N is very 
large, it follows (from the definition of probability — see Section 1.1) that 
the number of particles in this interval is approximately 


6N = NOP = Np(a — ao,t — to) dx, (6.17) 
Using equation (3,5), the concentration in this interval is 
6N 
e(x,t) = — = Np(x — x,t — to). (6.18) 
Oar 


For a particle executing a random walk, we have already seen that the 
probability density p is the Gaussian function of equation (6.12). In the 
case where the particles are all initially positioned at ao at time to, the 
concentration is (for t > to) 


eve N és | ce 
dt) = apres om | 1De—t) |" (6.19) 


This expression is in exact agreement with a solution of the diffusion equa- 
tion, namely equation (3.57). This establishes that the concentration of 
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Hint: The typical distance 
between collisions is 

a= vét. The values of o 
and dt are related to the 
diffusion constant D 
through equation (6.11). 
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particles undergoing independent random walks obeys the diffusion equa- 
tion, for the case where all of the particles start at the same position, and 
diffuse in an infinite medium, 


If the particles do not all start at the same position, the argument can easily 
be generalised. Let us assume that the N particles have initial concentration 
(x, to) at time to. The number of particles initially in the short interval from 
Xo to xo + dig is c(ao, to) day. The number of these particles which reach the 
short interval from « to a + dx at time ¢ (with t > to) is given by substituting 
(xo, to) dq for N in equation (6.17): this number is 

5N(20) = p(a — ao, t — to) da x ¢(x0, to) dx0. (6.20) 
To determine the total number of particles in the interval from x to a + da 
at time ¢, we must sum contributions of the form (6.20) coming from a set 
of short intervals covering the whole line (see Figure 6.3). If we take the nth 


interval to be [n dz, (m+ 1) dao], the number of particles in the interval of 
width dx at position x is 


5N = S> dMnédx0) 


n=—00 
ca 
=| Se p(x — n dao, t — to) da x e(n dao, to) dx. (6.21) 
n=—90 
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Figure 6.3 The number of particles in the interval |, a + di] at time t is the sum 
of contributions from all of the intervals (29,29 + dizo] at time tp 


In the limit as dq — 0, this becomes an integral 


20 
oN = be [ dxg p(x — x9, t — to) e(ao, to). (6.22) 
=20 
‘To determine the concentration at x, we divide both sides by 6 as before. 
Now we use the Gaussian form for p(a — xo, t — ty) (equation (6.12)) obtained 
from the central limit theorem. We find 
1 Oe (a — xo)? , 

rena | exo ae (29, to). (6.23) 
The only element on the right-hand side which depends upon « and ¢ is 
the Gaussian function exp[—(« — ao)?/4D(t — to)]/,\/4nD(t — to). We have 
already seen that this function satisfies the diffusion equation. Provided 
(x, to) is a well-behaved function of a, the operations of partial dif- 
ferentiation can be carried inside the integral, and it follows that equation 
(6.23) also satisfies the diffusion equation. Note that this solution was dis- 
cussed earlier, where it occurred (with to = 0) as equations (4.7) and (4.8). 
The difference is that here it was obtained directly from the random walk 
model of the microscopic particle motion, whereas earlier it was obtained by 
solving the diffusion equation using the convolution theorem. 


e(x,t) = 


At this point it will be useful to review this derivation of the diffusion equa- 
tion. We started from the assumption that diffusing particles are following 


6.4 The Fokker—Planck equation 


independent random walks. We used the central limit theorem to show 
that the probability density for the position of any one particle is a Gaus- 
sian function. We then used this to obtain the concentration ¢(x,t) in the 
form of equation (6.23), and noted that this expression satisfies the diffu- 
sion equation, because the Gaussian factor is observed to satisfy the diffusion 
equation. 


This derivation of the diffusion equation is valid, but a little unsatisfying in 
two respects. First, it does not show that random walks lead to the diffusion 
equation directly, but rather constructs an expression for the concentration 
which is observed to satisfy the diffusion equation. Secondly, this deriva- 
tion is applicable only in an infinite medium, because the Gaussian solution 
is valid only in that case. The next section will discuss generalisations of 
the continuous random walk model for diffusing particles, which can take 
account of situations where the medium in which molecules diffuse is not 
homogeneous. It will lead to a generalised diffusion equation for the proba- 
bility density, proceeding directly from the generalised random walk model. 
This alternative derivation will also be valid for diffusion in a finite medium. 


6.4 The Fokker—Planck equation 


The derivation of the diffusion equation in Section 6.3 started from the as- 
sumption that the particles undergo a continuous random walk, described by 
equation (6.7), with the statistics of the displacements specified by 
(6.8). Various extensions of this model arise in studying processes involv- 
ing random motion. Further generalisations of the diffusion process will be 
introduced in Subsection 6. The probability density for such process 
can be shown to satisfy a generalisation of the diffusion equation called the 
Fokker-Planck equation. This equation will be derived in Subsections 6.4.2 
and 6.4.3. 


equation 


28 


6.4.1 Generalised diffusion processes 


Consider a situation in which the particles are drifting with velocity v as well 
as making random steps. In this case the mean value of the displacement 
during the short time step dt is 


(Atn) = vot. (6.24) 
We might also consider situations in which both the mean and variance of 
the displacement are functions of the current position of the particle. In 


general, we will assume that the displacement Ax = a(t + dt) — x(t) of a 
particle is a random variable, with mean and variance given respectively by 


(Ac) = v(x(t), #) dt (6.25) 


and 
(Aa?) — (Ax)? = 2D(a(t), t) dt. (6.26) 


Equations (6.25) and (6.26) will be taken as definitions of the drift velocity 
v(z,t) and diffusion coefficient D(a,t) in cases where these may depend 
upon position and/or time. (We emphasise that v(«,t) in equation (6.25) is 
not the randomly varying velocity which causes diffusion, but an additional 
velocity which depends smoothly on time.) In the next two subsections we 
shall develop an extension of the diffusion equation for this more general 
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type of random walk; this generalisation is known as the Fokker—Planck 
equation. 


6.4.2 Probability density for generalised diffusion 


The generalised random walk described by equations (6.25) and (6.26) can 
also be described by calculating the probability density p(., t) for the particle 
to reach position x at time ¢. In the following, we will derive a partial 
differential equation for p(«.t), the generalised diffusion equation or Fokker— 
Planck equation. The derivation will be one of the hardest parts of this 
course, but the result, equation (6.41), is easily applied to obtain a partial 
differential equation for p(x,t). These partial differential equations can often 
be solved by the methods discussed in Chapter 4. 


The approach is to determine the probability density at time ¢ + dt, and to 

obtain an expression for Op/Ot: 
Op _ p(x,t + dt) — p(a,t) 
ot ot 

This results in an expression for Op/dt which is in the form of a generalisation 

of the diffusion equation. 


+ O(6t). (6.27) 


Let the probability density be p(x,¢), so that the probability of a particle 

being located in a small interval between x and x + dz at time t is 6P = 

p(x,t) dx. At this stage. we assume that p(a,t) is normalised, and that 

it may be differentiated as many times as are required for the subsequent 

calculations, At each time step, separated by dt, the particle jumps a random 

distance z. The displacement 2 is a random variable with probability density 

ps. (Note that earlier we used the Ax to represent the random displacement, As before, the subscript ‘s’ 
but it is convenient to change to using the single symbol z from here on.) _ denotes ‘step’. 


This probability density may be a function of the position « of the particle 
before the jump and of time ¢, and is written p,(z,«,t). Thus, the probability 
of a particle initially at position « at time ¢ being found in a small interval 
between a +2 and x + 2+ 62 at time ¢ + dt is p,(2,a,t) dz. 


The value of the displacement z at time ¢ is independent of all of the previous 
steps. The probability of the particle reaching the interval (2x, « + dir] at time 
t+ dt, having been in the interval [ao,29 + dx] at time t, is therefore the 
product of the probability for being in the first interval and the probability 
of jumping from the first interval to the second. This probability is 


5P(xo) = p.(w — xo, x0, t) dx x play, t) dary. (6.28) 


Let us now obtain an equation for the probability density at time ¢ + dt, in 
terms of the probability density (ao, t) at time ¢. The range of x9 is divided 
into small intervals of width 629. The probability of reaching the interval 
{. a + 52] at time t + dt is equal to the sum of the probabilities for reaching 
this interval from all of the intervals [n dxo,(n + 1) dao]. This is illustrated 
in Figure 6.4. 


6.4 The Fokker—Planck equation 


x x+6x timer+ésr 
— 


Figure 6.4 The probability to be in the interval [i, « + da] at time ¢ + dt is 
obtained by summing contributions from particles in all of the intervals 

[xo.2o + 629) at time ¢. The probability density for making a jump of z = « — 29 
from position ao at time t to position x at time ¢ + dt is p,(z, 0, t). 


Summing contributions in the form of equation (6.28), the probability of 
being in {a,2 + dx] at time t+ dt is 


<0 
p(a,t + dt)dx = dx S* dxo p.(a —ndx0,.00, t) p(n d:xr9, 1). (6.29) 


n=—00 


In the limit as dq + 0, the sum becomes an integral over wy. Dividing both 
sides by 6a and taking the limit as dr — 0 and dip — 0 gives 


poe 
pla, t + dt) = / day pg(x — eq, to, t)p(ao,t)- (6.30) 


J—o0 


This equation and its derivation are analogous to that of equation (6.22), 
and also to the calculation in Section 5.3. In this case the difference between 
the initial and final times is small, but the distribution of the step 2 = x — xo 
need not be Gaussian, and may depend upon the initial position, xo, of the 
particle. 


6.4.3 Derivation of the Fokker—Planck equation 


The objective is now to use equation (6.30) to determine a differential equa- 
tion for the probability density p(a,t); we expect that this will be some 
generalisation of the diffusion equation. 


The function p,(2z,«,t), considered as a function of z for any fixed value 
of x and ¢, is very sharply peaked about z = 0), reflecting the fact that the 
probability of making a long jump (significantly longer than yD dt) must be 
very small if the statistics of z satisfy (2?) = 2D 6t, as implied by equation 
(6.26), The probability density p,(a — xo, 20, t) for reaching « at time t + dt 
starting from xo at time ¢, and the probability density (a, t) are illustrated 
schematically in Figure 6.5. 
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Figure 6.5 The probability density p,(2 — 29,29, t) for the step from zp at time ¢ 
to w at t+ dt is very sharply peaked around rp (the width of the peak is 
approximately /D dt). The probability density p(a.t) at time ¢ is relatively 
slowly varying. 


It is convenient to change the variable of integration in equation (6.30) to 

2=x£— 29, so that the dominant contribution to the integral comes from 

the region close to 2 = 0. Noting that 29 = « — 2, we have 
20 

p(a,t + dt) -/ dz p,(z,x — z,t)p(a —z,t). (6.31) 

—0o 

We now consider how to approximate this expression, leading to a differential 

equation for p(x,t). Given that the dominant contribution to the integral 

comes from the region around z = 0, we can approximate p(a— z,t) by a 

Taylor series: 


ola — 2,0) = ale,t)— 22(a,t)2-+ $28 (0,022 + 
oe 
=> SS lole,e)] a (6.32) 


We also make a Taylor series expansion of p,(z, — z,t 
ment only: we write 


) in its second argu- 


Op, 


(6.33) 


where it should be understood that the partial derivatives here are with 
respect to the second argument. Note that this expression is rather different 
in structure from equation (6.32) in that the coefficients of the Taylor series 
are themselves functions of z, which approach zero as |2| + oo. We can in 
fact combine both of these Taylor series ae and write 


ee = = 
p.(2,a — 2,t)p(a — z,t) = ae a oe [ps(2.a,t)p(a,t)] 2*, (6.34) 
which is a Taylor series for the neat p.(2,« —€,t) p(a — ,t) expanded in 


powers of €, which is then set to « = z. We now substitute this into equation 
(6.31), and obtain 


o(—1)k pee ak x 
p(a,t + dt) = ae dz = [pa(z, x,t) p(x, t)] 2 
> kl ee Oxk 


dg gee 
=) |p et) [ dz p,(z,2,t)z* 


k=0 


(6.35) 


Microscopic Derivation of the Diffusion Equation 


As indicated in Figure 6.5, 


close t , 

px(2,0 — 2,t) is rapidly 
varying in its first 
argument but should be 
slowly varying in = from its 
second argument. For this 
reason, ?, is expanded in 
its second argument only, 


In this second line we took 
everything that is 
independent of z outside 
the integral. 


6.4 The Fokker—Planck equation 


We can now define moments M;,.(a,t) of the probability density p,(z,.r.t) 
of displacements z. By analogy with equation (1.31), these moments are 
defined by 


oo 
My (x,t) = dz z‘p,(z, a, t). (6.36) 
20 
With this definition, equation (6.35) becomes 
oo ; 
a he oe 5 : 
pla,t + dt) = > Tak lest) Mi(e, 1) (6.37) 


The k = 0 moment is unity because p,(z,x,t) is normalised. The first and 
second moments are obtained from equations (6.25) and (6.26), with Ax 
replaced by z. It follows from equation (6.26) that the magnitude of the 
typical displacement is O(ét!/). We will assume that all of the moments 
M,(a,t) are finite (that is, the integrals (6.36) are convergent), so that 
(2*) = O(6t*/?) for k > 2. We therefore have 

Mo(x,t) =1 

M,(x,t) = v(a, t) dt 

Mo(x,t) = 2D(a, t) dt + O(6t?) 

Mx(a,t) = O(6t*/), (k > 2). (6.38) 
Substituting these expressions into equation (6.37), and dropping terms in 
higher powers of the small quantity ét, we obtain 


HE Nee a [u(w,t) plex, 4)] at 


[2D(x, t) p(x, t)] dt + O(6t*/?). (6.39) 


From a Taylor expansion of p(x, t), equation (6.27), we have 
a) 

pla,t + dt) = pla, t) + a) ot + O(6t?). (6.40) 
We now take the limit as 6t + 0. Equating the terms proportional to é¢ in 
equations (6.39) and (6.40) gives 

op _ 

ot 
This equation will be termed the generalised diffusion equation. In many 
texts it is called the Fokker—Planck equation. It reduces to the standard 
diffusion equation when v = 0 and when D is independent of x and t. 


a ig 
cae [v(a,t) p] + aa [D(a, t) p]. (6.41) 


The derivation above gives a direct route to obtaining the standard diffusion 
equation, as opposed to the indirect route discussed in Section 6.3, which 
constructs a solution and then observes that it satisfies the diffusion equa- 
tion. The construction used in this subsection has the advantage that it is 
‘local’, in the sense that p(a,t + dt) only depends on p(«’,t) for values of a’ 
which are close to x. The form of the resulting differential equation in the 
vicinity of x therefore depends on properties of the moments Mg(a,t) at a, 
and is not affected by the boundaries of the system. The derivation given 
in this subsection is therefore valid for finite, as well as infinite, systems. 


189 


190 Chapter 6 Microscopic Derivation of the Diffusion Equation 


6.4.4 The Fokker—Planck equation in three 
dimensions 


The calculation leading to the generalised diffusion equation was carried out 
in one space dimension. To understand the form of the generalised diffusion 
equation in three dimensions, we must first consider how the definition of 
the generalised random walk, discussed at the start of this section, extends 
to three dimensions, The continuous random walk in three dimensions was 
already introduced in Exercise 6.1 for the case where there is no drift and 
there is a constant diffusion coefficient D. Here we consider the case where 
there may be both drift and diffusion coefficients which depend upon both 
position and time. We also allow for the possibility that the diffusion pro- 
cess is not isotropic, that is, that the particles diffuse more easily in some 
directions than in others. 


In three dimensions, the generalised random walk has a vector displacement 
Ar, at the time step labelled by the integer index n. The components can 
be labelled by an index i, as in Subsection 6.2.2, so that the displacement 
may be written 


Arn = (Atn, Ayn, Aen) = (Artin, Aran, A3.n). (6.42) 
The mean displacements will, in general, be different in each direction, so 
that: 

(Azin) = v;(r, t) ot, (6.43) 


where the drift velocity u(r, t) = (v1, v2, v3) can be a function of both posi- 
tion r and time t. We write the difference between the displacement Ax,» 
and its mean value as d2j,, = Ax, — vj6t. The fluctuating parts of the 
displacements d;,, in different directions may be correlated. In general, we 
assume that they satisfy 


(62i,n Ot jm) = 2Dij(t.t) Sam dt. (6.44) 


The factor dam is the Kronecker delta symbol, indicating that for different 
time steps (n # m) the displacements 6a, have no correlation. The co- 
efficients Dj; are elements of a 3 x 3 matrix which is termed the diffusion 
matrix. 


This three-dimensional version of the generalised random walk can be de- 
scribed by giving the probability density for a particle to be at position 
r at time t. This probability density p(r,t) obeys a partial differential 
equation, which is a three-dimensional version of the generalised diffusion 
equation (6.41). The derivation follows exactly the same pattern as in the 
one-dimensional case, and we shall simply quote the result: 


P 3 
7 a =e Into) e)+ 2 3o poe 


t=1 j=l 


(6.45) 


Exercise 6.3 


What values of v; and Dj; are appropriate for describing a diffusion process which 
is isotropic (occurs at the same rate in all directions), homogeneous (has the same 
properties at all points in space), time-independent, and which is without drift in 
three dimensions? 


Show that substituting these values into equation (6.45) gives the usual three di- 
mensional diffusion equation. 
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Exercise 6.4 


Show that the generalised diffusion equations (6.41) and (6,45) are in the form of The continuity equation 
continuity equations. was discussed in Chapter 
3, where the 
one-dimensional and 
three-dimensional forms 
occur as equations (3.26) 
and (3.37) respectively. 


What is the scalar flux density J (x,t) in the one-dimensional case, and the vector 
2 


flux density J(r,t) in the three-dimensional case? 


6.5 Summary and outcomes 


1) gives a partial differential equation defining the probability 
density for any generalised diffusion process in which particles undergo a 
random process that can be described by equations (6.25) and (6.26). The 
derivation was rather complicated, but all the hard work has been done, and 
you can now easily find a partial differential equation for the probability 
density of any generalised diffusion process. 


After studying this chapter, you should: 

e be aware of how the random walk can be generalised to higher dimensions 
and also generalised so that it becomes a continuous function of time; 

e be aware that the central limit theorem implies that the propagator for 
diffusion in an infinite medium is a Gaussian function, and that. this 
implies that the concentration obeys the diffusion equation; 

e be aware of the Fokker-Planck equation as a description of generalised 
diffusion processes, and of the method used to derive it. 

We conclude this chapter by giving some examples of generalised diffusion 

processes, introduced through a series of exercises in the final section, 


6.6 Further Exercises 


Exercise 6.5 


Determine the form of the generalised diffusion equation in one dimension which 
applies when both D and v are constant. Show that 


1 —(x — ag — vt)? oP 
last) = Tea exp | (6.46) 


is a normalised solution, representing the probability density of a particle which is 
initially at position xy when t = 0. 
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Exercise 6.6 


Consider the motion of small particles dispersed in a liquid. If the particles are 
denser than the liquid, they will tend to sink to the bottom. If the particles are 
very small, such as the pollen grains used in experiments to demonstrate Brownian 
motion, this sinking effect is opposed by the random motion of the particles which 
results from molecules of the liquid colliding with the particles. The motion of the 
particles is described by the probability density p(z,t) for a particle to have height 
= at time t. 


The effects of gravity and of the viscosity of the fluid are modelled by assuming that 
the particles drift downwards at a constant velocity vy. The effect of the random 
motion of the molecules is modelled by assuming that the particles have a diffusion 
constant D. 


Write down the partial differential equation for the probability density of the Hint: Is this the same as 
diffusing particles. What is the steady-state solution of this equation, satisfying the result from the 
p/At = 0, in the case where the depth of the liquid is h? previous exercise? 


Exercise 6.7 


Consider a situation where a particle (moving in one dimension) experiences a 
restoring force when displaced from the origin, such that a particle at position x 
moyes with velocity » = —aa (where a > 0), The particle also experiences ran- 
dom displacements which make it move diffusively, with diffusion constant D. Use 
equation (6.41) to show that the probability density for the particle satisfies 


Op a Op . 
= “ae [xp|+ Dra (6.47) 
Solve this equation for a steady-state probability density in which the particle flux 
J is zero, in a region without boundaries. 


Solutions to Exercises in Chapter 6 


Solutions to Exercises in Chapter 6 


Solution 6.1 


Here «, y and z are independent random variables. According to equation (1.20), 
the joint probability density is therefore a product: (2, y,) = p;(x) po(y) pa(2)s 
where p,, py and py are probability densities for x, y and 2, respectively. The 
statistics of the «-coordinate displacement specified in the question are exactly the 
same as for the one-dimensional continuous random walk treated in Subsection 
6.2.1. Its probability density, for particles starting at « = 0, is given by equation 
(6.12), so 


1 —x? 

ate) = Teme (ai) 
The statistics of y and'z are the same as those of 2; accordingly, the probability 
density at time t is 
Lei) alee 
= A : 
Vardi? apt) Jape? at) Vapi“? at 
(a? 49? + 22) 

1Dt 


P(@. Ys 


This is analogous to the expression obtained in the two-dimensional case in Exer- 
cises 3.2 and 3.24, but here the result is obtained via a more direct route. 


Solution 6.2 


Let the typical time between collisions be dt, and let the typical speed of the 
molecules be v = 260ms~!. If we model the path of a molecule as a random walk, 
it is reasonable to suppose that the typical distance travelled between collisions is 
ao =vot. Using equation (6.11), we have a? = v?dt® = 2D ét, so dt = 2D/v*. The 
typical distance between collisions is often referred to as the mean free path, and 
given the symbol \. Our simple estimates give \ ~ v dt = 2D/v ~ 1077 m. Divid- 
ing by v we have dt ~ 4 x 107s, so that the number of collisions per second is 
N =1/6t ~ 2.6 x 10°. Approximations based upon using the central limit theorem 
are therefore expected to be very precise, because N is so large. 


Solution 6.3 


If there is no drift, we set v = 0. If the system is homogeneous and time-independent, 


the diffusion coefficients Dj; are independent of 7 and ¢. Because the diffusion is 
isotropic, the diffusion matrix must must not fayour any one direction. Taking the 
diffusion matrix to be a multiple of the identity matrix satisfies this requirement, 
so that we set Dj; = Déj; (it can be shown that this is the only choice which makes 
the diffusion process isotropic). With these choices, equation (6.45) does indeed 
simplify to the standard three-dimensional diffusion equation: 


dp eae &p 
Dt =D bis Oxi0% 


f=1 j=1 wd 


3 4 
5p 
=D y are ts DY? p. 
raters 
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Solution 6.4 


Equation (6.41) is in the form of a one-dimensional continuity equation, Op/t + 
0J/dx = 0, with the flix J equal to 


a 
J=p~5(Dp). 


Equation (6.45) is also in the form of a three-dimensional continuity equation 
Op/dt + V+ J = 0, with flux density J having components 


a 
J = vip— » Be; [Dis a]. 


Solution 6.5 


Since v and D are constants, they can be taken outside 
(6.41). The generalised diffusion equation in this case is 
é 2 

oe = aioe + Dee 

Ot Ox 
By differentiating the solution quoted in the exercise, it is seen to satisfy this 
differential equation. By integrating over « using a standard Gaussian integral, we 
see that this is a normalised solution, which can represent a probability density, 
By inspection, we see that this solution approaches zero in the limit as t — 0 at 
all points except : », So the solution represents a motion in which the particle 
starts from position x. 


he derivatives in equation 


Solution 6.6 


The generalised diffusion equation is the same as for the previous exercise, except 
that the name of the space coordinate is z, and the sign of the velocity v is reversed, 
because positive 1 corresponds to decreasing z. ‘The partial differential equation 


for p is 
op_ a Op 
a a: [19+ D2 . 


Tn the steady-state, @ becomes independent of time so that Ap/Ot = 0. The quantity 
in square brackets is therefore independent of both = and ¢. Comparison with the 
continuity equation (3.26) shows that this quantity is minus the flux density, J. If 
the liquid is in a finite container, it may be assumed that the flux of particles across 
the upper surface of the liquid is zero. The zero-flux condition gives the following 
equation for p(2): 


dp 

dz" 

This equation has the solution 
p(2) = Aexp(—vz/D), 


where A is a constant which is determined by normalising the distribution. If the 
depth of the liquid is h, the normalisation condition is 


0=up+D 


Me AD 
1 fe p(z) = ——[1 — exp(—vh/D)]. 


Rearranging this expression to find A, we obtain the required solution 


Solutions to Exercises in Chapter 6 


Solution 6.7 


Substituting v(«) =—aw into equation (6.41) and letting D be constant gives the 
differential equation quoted in the exercise directly. This equation is in the form of 
a continuity equation, with Aux density 


ap 
=-arp -D, 
J = —axp ~ D5 


When dp/0t = 0 and J = 0, this has a Gaussian solution. The solution of this 
differential equation was considered in Block I, Chapter 3, Exercise 3.25. The 
normalised probability density is then 

_ exp(—aw?/2D) 


V2nD/Ja 


p(x) 
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